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ABSTRACT 

ELIMINATE ENTANGLEMENT IN QUANTUM INFORMATION 

PROCESSING UTILIZING HYBRID QUANTUM-CLASSICAL NEURAL 

NETWORKS 

AL-ISAWI, Ather 

 M.Sc., Information Technologies, Altınbaş University, 

Supervisor: Asst. Prof. Dr. Mesut ÇEVİK 

Date: 08/2022 

Pages: 118 

Quantum entanglement is a physical phenomenon that lies at the heart of the contrast between 

quantum physics and classical physics, which distinguishes quantum mechanics as an essential 

feature. It happens when a collection of particles interacts with one another, participates, or creates 

a collection of particles in close spatial proximity in a dependent way in which the quantum state 

of one particle in this collection cannot be characterized independently of the other particles' 

quantum states. The states of quantum mechanics have several types of order, including Symmetry 

Protected Topology (SPT), in which matter has symmetry and a finite energy gap at zero 

temperature. Feedback set methods are used to derive results (how to identify specific quantum 

data source attributes) in a more consistent manner. The concept of quantum entanglement refers 

to that SPT states are symmetric short-range entangled states., since only "trivial" topological 

orders characterize short-range entangled states.  

The researcher presents and analyzes: Convolutional neural networks inspired by a quantum 

circuit-based technique, which is highly effective when applied within a hybrid neural network 

environment allowing them to be efficiently trained and executed on realistic quantum devices, 

this research simplifies and implements a quantum convolutional neural network (QCNN) in a 

hybrid neural network environment on the TensorFlow platform, where it functions as a suggested 

quantum equivalent to a conventional convolutional neural network. 



 viii 

This thesis demonstrates how to detect certain characteristics of a quantum data source, such as a 

device's intricate simulation or a quantum sensor. With or without an excitation, a cluster state will 

operate as the quantum data source, which the QCNN will learn to identify. In this study, the 

researcher classed the SPT phase as a dataset. The QCNN system attained a validation accuracy 

of 100% Instead of 89.58% in its purely quantitative analog, we use three layers of quantum 

convolution followed by a classical densely connected neural network to identify an exciting 

cluster state within 10 epochs of time. This architecture should be quite successful in mitigating 

entanglement. 

 

Keywords: Quantum Entanglement, Symmetry Protected Topology, Hybrid Neural Network, 

TensorFlow, SPT Phase.  
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1. INTRODUCTION 

The particle physically (as called in the ancient text the corpuscle) is an object that can be 

associated with several physical or chemical properties, such as mass, density, or volume, unlike 

the electronic particles, and microscopic particles for instance atoms and molecules, and powders 

and other granular materials, in vary greatly in quantity or size [1]. According to density, these 

particles can be used to create scientific models of even larger objects, such as celestial bodies in 

motion or humans moving in a crowd [2]–[4]. In theoretical physics, there is a paradigm that says 

that quantum field theory (QFT) is critical in a theoretical framework that incorporates quantum 

physics, classical field theory, and special relativity. Undoubtedly, in condensed matter physics 

and particle physics, QFT is employed, and therefore the consequences of this led to constructing 

physical models of subatomic particles, to constructing models of quasiparticles [5]. In classical 

field theory, Lagrangian field theory is a formalism, it is Lagrangian mechanics' field-theoretic 

counterpart [6]. The motion of a system of discrete particles, each having a finite number of 

degrees of freedom, is studied using Lagrangian mechanics [6]. The Lagrangian field theory is 

applicable to fields and continua with an unlimited number of degrees of freedom [6]. 

Feynman diagrams are a visual depiction of the mathematical formulas that characterize the 

subatomic particles' behavior and interactions. These diagrams were presented by the American 

scientist Richard Feynman in 1948, these diagrams gave a simple visualization of abstract, 

mysterious equations, these graphs can be used in many fields, including the quantum field, the 

solid-state field, and others [7]. In theoretical particle physics, the computation of the probability 

amplitudes requires the use of complex integrals to a large extent on a vast number of variables, 

and these integrals can be represented graphically by these diagrams [8]. The above leads us to the 

fact that quantum field theory can be represented graphically using Feynman diagrams in order to 

clarify the correlation function of statistical field theory, transmission amplitude, or quantum 

mechanics [7]. This leads us to the conviction that interaction terms involving corresponding 

quantum fields as described by Lagrangian as playing the role of interactions between particles 

[6], and within the quantum mechanics' perturbation theory, it is possible to mimic graphically 

each of these interactions. by means of Feynman diagrams, where particles are considered as 

stimulating quantum field states which they belong [9]. 
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Quantum computing solves issues by calculating utilizing physical events and quantum mechanics 

concepts. Theoretically, this type of computing has been proven to give speedups to various 

modern-day processing challenges. Quantum phenomena' applicability in the field of Machine 

Learning has been extensively expected. The work presented here generates machine learning 

models using the TensorFlow Quantum (TFQ) software platform. In a quantum learning model, 

developed models use an information encoding technique called amplitude encoding to prepare 

states. The introduction of these novel approaches raises the question of how to effectively employ 

them. The researcher hopes to provide an overview of the current status of quantum machine 

learning in light of actual device restrictions. Although quantum information does not modify the 

procedures of data preparation, it does require new ways to interpret and appreciate these 

innovative technologies. 

Quantum computing (QC) combined with machine learning (ML) is one of the major areas of 

interest in Quantum Machine Learning (QML) field. To provide accelerations a number of 

problems in the field of quality control (QC), many algorithms are available such as Grover's and 

Bernstein-Vazirani, among these problems are integer factor analysis and database search by 

Quantum Processing Units (QPU). The NISQ instruments were extended to include finance, 

chemistry, biology, among others. NISQ devices are testing and developing QML technologies 

while developing many programming groups in the NISQ era of quantum simulators, which allow 

a richer experience and try to understand realistic expectations of systems but on a real quantum 

device. In order to achieve Application Programmable Interfaces (APIs), these programming 

groups will be divided into two main parts: 

a. Section one: the supporting code for circuit development that enables models to be 

developed on both simulated quantum devices and real quantum devices, as it has been 

adopted by major organizations like Google and IBM. It is possible to construct  quantum 

algorithms with basic applications of the device's neutral gate using the developmental code. 

b. Section Two: the compilation code which implements on the physical device. 

The python programming language which is supported by IBM and Google can be used to 

implement a set of gates in a quantum circuit with the aim of making a modification to a quantum 

state's computational base(s). 



 3 

There's also the "backend" which has to deal with both software and physical issues. During the 

execution of an experiment, the backend manages elements such as noise and, qubit mapping to 

device topology, and transcoding. These backend stages are handled differently by each of these 

code sets. IBM's Qiskit & Q Experience, Xandu's PennyLane, and Google's TensorFlow Quantum 

are some of QML’s prominent participants who have produced open-source frameworks. Each of 

these frameworks may use tertiary APIs to extend their software suites and use their frameworks 

on devices that aren't owned by their individual corporations. There is a corpus of work that will 

be required to respond to the following questions: 

How can we increase our program's performance? 

When should we utilize an embedding approach rather than an encoding method? 

What caused a model's performance to be as it was? 

One of the best methods is amplitude coding method, which is used to encode raw classical data 

into its quantum counterpart. In addition to confronting the problem of quantum entanglement 

occurring and trying to reduce it, which is the subject of this thesis research. 

1.1 PROBLEM STATEMENT 

From a fundamental physics point of view, simulation concepts have been deeply developed by 

researchers in recent times. Because of the recent interest in quantum devices and their efforts to 

answer the following question: Can a physical system efficiently simulate another system? This is 

because these devices have superior features to simulate any other physical system with excessive 

efficiency. Turning to the components of these quantum devices in terms of infrastructure related 

to practical programming, the following question is raised: Can the infrastructure components of 

quantum devices meet the aspirations of their users? The answer to this question requires delving 

into the statement of the basic units of the components of quantum devices, and how this structure 

is used programmatically in solving quantum problems. Machine learning techniques offer an ideal 

solution for analyzing complex quantum multibody systems. The working principle of many 

variable quantum algorithms is based on parameterized quantum circuits (PQCs), where the 

selection of an effective circuit is one of the most important challenges in implementing such 

algorithms, considering the most important conditions that must be met in reducing the depth of a 

low circuit as well as reducing the number of parameters in order to optimize the results [10], [11]. 
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Despite the success of neural networks in the application of classical algorithms, as well as in 

image processing operations, which are considered classic problems, leading to the improvement 

of classical error correction, but the enormous complexity of the systems of many objects 

prevented the ease of direct application to problems in quantum physics, which forces work in 

parallel with the principles of quantum physics concepts [10], [12]. This led to the use of quantum 

states or operations as inputs to classical algorithms in order to reduce the depth of the circuit and 

the number of parameters due to the inability to effectively translate classical problems into a 

quantum framework or vice versa. The reason lies in the extremely large and multi-body Hilbert 

space [10].In addition to the imperative to benefit from the accuracy of the results expected to be 

obtained using quantum algorithms, as well as to take advantage of the speed of completing tasks 

as one of the advantages of classical algorithms [10]–[14].This leads to facing the problems of 

limited physical resources in quantum devices and the large quantum entanglement that occurs in 

these devices [15], [16]. 

1.2 MOTIVATIONS 

By leveraging the programming power of Python and using TensorFlow Quantum (TFQ) as a 

framework, the advantages of this programming language do well in the field of ML and leverage 

Google's quantum computing frameworks, then hybrid quantum- classical models can be built by 

focusing on a Quantum data [17]. TensorFlow provides tools to interleave quantum algorithms 

and logic which in turn help build Cirq [18].Since a quantum data source suffers from quantum 

entanglement, as in a complex simulation from a device or a quantum sensor, a cluster state can 

be considered as a quantum data source (Symmetry-protected topological (SPT) order phase 

classification) that may or may not contain an excitation that is detected by QCNN algorithm [1], 

[19]. In addition, the quantum convolutional neural networks (QCNN) are derived from machine 

learning focusing on the fidelity of prepare a “better-learned” trial state as results [12], and then 

fed the results into a classical neural network as followed by a densely-connected neural network 

[10]. This leads to faster convergence in the hybrid model with very modest classical assistance 

than its purely quantum version. While using an architecture with multiple quantum convolutions 

within the hybrid network will give higher validity accuracy with performance. The rapid and 

exponential development of both hardware and algorithms brings us closer to devices’ era called 

noisy intermediate scale quantum (NISQ), this generation enhances approximately around 103 
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gate operations within 50−100 qubits [20]. Certainly, these configurations are unable to execute 

error-corrected quantum calculations on a large scale, to employ modest amounts of computing 

power, both quantum and classical resources are merged, meaningful computations. This leads 

researchers to divide large tasks between quantum and classical resources by using the hybrid 

quantum classical (HQC) algorithm, where in turn focuses the use of devices on such pre-threshold 

hardware. An HQC algorithm is exemplified by as a prime example to account validation accuracy 

for a cluster state. 

HQC algorithms are used in a variety of ways. 

i. the approximate quantum optimization algorithm [10], [21]. 

ii. the variational quantum eigen solver (VQE). 

iii. quantum autoencoder (QAE) [10], [22]. 

iv. classification via near-term quantum neural networks [10], [23]. 

v. quantum variational error corrector (QVECTOR) [10], [24]. 

vi. energetic modeling. 

vii. used to calculate molecular systems' ground states. 

A quantum circuit is adjusted based on the parameters chosen on the quantum computer to set up 

a parameterized wave function. This is followed by measurements of the validation accuracy for a 

cluster state as expectation value with respect 〈𝑍̂〉 to benchmark the model. 

1.3 OBJECTIVES AND GOALS 

This research aims to reduce the quantum entanglement that occurs in the cluster state of quantum 

information by increasing the accuracy of the results and increasing the speed of performance in 

discovering certain properties of a particular data source such as a complex simulation of a 

quantum sensor or device, by building efficient and optimal quantum circuits with coefficients 

(parameterized quantum circuits PQCs) for block-state while keeping circuit depth and parameter 

count minimal based on quantum circuits are inspired by highly entanglement convolutional neural 

networks and implemented in a kind of neural network that utilizes variable parameters O (log 
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(N)) only for input sizes of N qubits, making it easy to train and deploy, that called a the quantum 

convolutional neural network (QCNN), after that train the layers on the fidelity of preparing a 

“better-learned” trial state as a results, and feeding the results into a classical neural network as 

followed by a densely-connected neural network. Due to QCNN’s ability to accurately identify 

quantum states linked with a symmetry-protected one-dimensional topological phase (SPT), and 

using the CNN property known as fast performance, it is possible to achieve faster convergence in 

the hybrid model and give higher validity accuracy with performance directly proportional to the 

number of filters provided by HQC. This gives a quantum error correction scheme that is 

significantly superior to other known quantum codes of similar complexity as a result of 

optimizing a particular unknown error model. By leveraging the programming power of Python 

and using TensorFlow Quantum (TFQ) as a framework, the advantages of this programming 

language do well in the field of ML and leverage Google's quantum computing frameworks, then 

classical hybrid quantum models can be built by focusing on a Quantum data. Thus, a number of 

objectives will be achieved in this research including: 

Conduct a comprehensive literature review of current studies on quantum physical information 

processing and deep learning methods used in solving classical and quantum problems and 

combine them within a single work environment: 

i. Utilizing a cluster state as a source of data that may or may not be stimulated and interpreting 

quantum entanglement in Symmetry Protected Topology (SPT). 

ii. Suggesting a quantum analogue to a classical convolutional neural network represented by a 

simplified Quantum Convolutional Neural Network (QCNN). 

iii. Discovering certain properties of a quantum data source, such as a complex simulation of a 

quantum sensor or device. 

iv. Activate the role of the TensorFlow work platform, which has a comprehensive ecosystem 

of tools that allows researchers to solve difficult real-world problems using machine learning 

and take advantage of Google's quantum environment. 

v. Develop a method for reducing quantum entanglement by giving high accuracy in validation 

accuracy within a specified period of time (epochs) at a high speed. 
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vi. Conducting a comparison between the proposed methods and the related studies to evaluate 

the results. 

1.4 THESIS STRUCTURE  

i. Chapter one illustrates introduction about the particle physically in theoretical particle physics 

and the interpretation of related phenomena within quantum field theory (QFT), In the 

Theoretical Background portion, build a rudimentary introduction to conventional data 

processing methods, machine learning methods, and quantum computing. In the Technical 

Background section, describe the technologies utilized and the individual frameworks for 

quantum machine learning and, problem statement, motivations and aims and objectives of 

the research, also it shows how to reduce quantum entanglement by leveraging the 

programming power of Python and using TensorFlow Quantum (TFQ) as a framework. 

ii. Chapter two discussed some relevant literature and traced the development path of the thesis 

research field in the historical perspective of quantum computing and focused on the most 

important problems that researchers could face during the development of the research field. 

iii. Chapter three was interested in explaining the primary concepts and basics related to the field 

of thesis research by clarifying the background of quantum theory and how to process classical 

data and transform it into quantum counterparts, focusing on all topics, including 

normalization, analyzing results using machine learning, and how to teach the quantum model 

in order to reduce losses by making a link between classical learning and quantum learning 

on models. The concepts of parameters and quantum gates applied to cluster state models in 

the simulation process for preparing the state and explained the role that MERA plays in 

DEEP QCNN ARCHITECTURE down to the measurement of Quasiparticle excitations. 

iv. Chapter four was interested in explaining how to use the work environment on the workspace 

TensorFlow Quantum that supports the Python programming language, and the researcher 

deliberately clarified the ready-made functions and libraries in this programming language 

that TensorFlow Quantum supports after initializing the Python version compatible with 

algorithms hybridization supporting his work by citing some pieces of the applied code in 
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support of that A set of Figures that show the sequence of events during the execution of the 

code and giving the results. 

v. Chapter five Focused on a Quantum data Flowchart with a hybrid quantum-classical 

discriminative model's training and inference using TFQ's pipeline and discuss the results. 

vi. Chapter six revolved around the summary, future visions and recommendations of the 

researcher. 

vii. Chapter seven  contains the references. 
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2. THE HISTORICAL PERSPECTIVE OF QUANTUM COMPUTING 

AND RELATED WORKS 

Literature on the history of quantum computing has a variety of hypotheses, making it difficult 

and time-consuming to arrive at the current discoveries due to divergent perspectives on the 

principles of this remarkable topic. Much of the present literature on quantum computing focuses 

on the possibility of a qualitative leap in humankind's future and the modification of many 

previously held scientific beliefs. In past, the generalizability of much-published research on this 

issue is problematic, where the academic literature on quantum computing has revealed the 

emergence of several contrasting themes, where previous research findings into Quantum Circuit 

Simulation have been inconsistent and contradictory also a large, and growing body, of Literature, 

has researched how to take use of the features of particular superconducting components to 

represent these quantum circuits, and there is a substantial number of published publications 

outlining the function that these elements play in the system. More recent attention has focused on 

the provision of Efficient algorithms that play an important role in creating these quantum circuits. 

As well as combining classical and quantum representations in a single setting, there is a large 

body of literature on these algorithms, most of which emphasizes using the unique characteristics 

of superconducting materials. A considerable amount of literature has been published on these 

algorithms. These studies were as illustrate bellow: 

The study of quantum computers has a lengthy history of investigation. Prior to Feynman’s work 

(1948) [7], the role of exploring quantum computing's theoretical was largely unknown. For many 

years, this phenomenon was surprisingly neglected by his peers where Feynman presented his 

results and the foreign graphics at the Pocono Conference in 1948 under the title "Alternative 

Formulation of Quantum Electrodynamics" [25]. In the 1980s, Paul Benioff's paper provided the 

first in-depth description and analysis of a quantum mechanical model of Turing Machines [26], 

who he was exploring quantum computing's theoretical feasibility in the 1970s. It is only since the 

work of Yang-Mills theory [27]  that the study of quantum information and mirror symmetry has 

gained momentum where Yuri Manin has also written about them  [28], after many years, Deutsch 

and Jozsa were the first to describe the first algorithmic structures as a consequence of their 

contributions [29]. Peter Shor (1994) contends that the interest of applied mathematicians in 

integer factorization and discrete logarithms was sparked which caused the advent of the so-called 



 10 

Short's Factoring algorithm [30], Collectively, these studies outline a critical role for speeding up 

cryptanalysis methods, has put the safety of communications and data storage in jeopardy. 

Moreover, during the actual implementation of quantum computers, developing technologies 

confront additional obstacles, such as the rapid loss of information to the environment, together 

these studies provide important insights into the quantum gates, due to a phenomenon known as 

decoherence [31]. However, such studies remain narrow in focus dealing only with the work of 

certain algorithms is limited. These research together provide light on how the use of 

superconducting metals permits the fabrication of resonant circuits with millisecond-long 

coherence durations, bringing quantum computers closer to reality, yet noise remains an intrinsic 

component of quantum computers [32]. Simulations and algorithms appropriate for today's 

hardware and technology are built using specified algorithms that can be executed with existing 

technology on Noisy Intermediate Scale Quantum Devices (NISQ) [20]. In comparison to their 

classical counterparts, quantum computers are capable of monitoring and characterizing qubits, 

but quantum understanding would need a huge collection of classical numbers [11]. Quantum 

mechanics' postulates are algebraic in nature, indicating that algebraic operations and quantum 

computing are inextricably linked.  

As a result of the creation of more varied and significant applications around the early 1990s, 

small-scale research and case studies by Engineers and scientists began to develop the quantum 

circuits, and quantum twin of the binary bit are linked by the conception of qubits. Given that 

NISQ devices lack practical realism at that time [20]. Up to now, most research of several studies 

on NISQ devices has been carried out in implementing various data processing and machine 

learning methods using this approach, demonstrated by researchers, engineers, and scientists that 

able to increase the exponential speed-up techniques in Principal Component Analysis (PCA), 

Support Vector Machines (SVM), and K-means Clustering, resulting in multiple advances in 

current Quantum Computing [33]. 

In 2019, Rebentrost et al. invented the quantum counterpart of gradient descent as two aims: To 

reduce the size of the function as an iterative improvement method based on Newton's gradient 

descent method, taking into account the curvature information, where the number of iterations for 

high-dimensional cases was reduced in order to improve convergence [33].  The authors look at a 

class of polynomials that are restricted due to sparsity limitations, which means that the 
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optimizations may be applied to functions of lower order. The authors also state that the vectorized 

data's input dimensions should be in a binary space, or 2N. They used to analyze curvature 

according to Newton's approach to avoid orthogonal movement in analyze curvature. This 

approach makes use of the descent being projected onto spherical restrictions. Considering 

independent variants of their quantum stochastic gradient, they build three quantum oracles [34]. 

Under spherical restrictions, Hamiltonian simulation methods have improved a class of 

polynomials bound by extending their approach under these restrictions. They claim that since the 

optimization approach uses Newton's method, whereby using 5-25 iterations it is possible to obtain 

a solution to any convex issue with high accuracy. As well as they bring up challenges that are 

comparable to those encountered such as "saddle spots" in classical optimization where high-

dimensional space in Newton's technique. They conclude by claiming that, theoretically, their 

technology would enhance conventional gradient descent-based methods exponentially [34]. 

In 2019, a seminal article was published entitled "Supervised learning with quantum-enhanced 

feature spaces" by Havlek et al. who proved that two binary classifiers that use feature spaces for 

the quantum state may read normally provided data [35], [36], they suggested that as: 

i. The first technique uses a variational quantum circuit with a binary measurement. 

ii. To estimate a kernel method, the second strategy is based on the conventional SVM, which 

uses hyperplane construction.  

In order to achieve great accuracy, they adopted a non-linear kernel approach when they used a 5-

qubit quantum processor from IBM. They achieved 100% accuracy on the created dataset [14]. 

This is a good example of machine learning in the NISQ era. Where four phases were defined for 

a variational classifier (VC): 

a. Use a feature map to map data to a quantum state. 

b. To the feature state, apply a brief quantum circuit. 

c. Apply a Z-basis measurement or a Z-gate measurement. 

d. A decision procedure has been applied to generate an empirical distribution of outcomes 

by doing numerous "shots" or runs and assigning the label with the greatest probability 

[35].  
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Due to the noise and current limitations of NISQ era devices, their solution relies on the concept 

of shots. This evidence, it seems too close to our work. 

In 2020, Schuld and Lloyd offered a quantum embedding strategy for improving learning 

performance in high-dimensional Hilbert spaces by a paradigm change in how we think about 

optimizing a model, Where, instead of fitting classes to a local function, it maximizes two separate 

classes as quantum modulation [36]: 

i. The classical samples are converted into quantum states using the map of quantum properties 

generated by the first component [36]. 

ii. The second component reduces the classification loss after knowing the required objective 

function as it causes the model to re-quantify [36].  

A parametric circuit optimizes the quantum feature map, a parametric circuit optimizes the 

quantum feature map, The Helstrm scaling is described, and the accuracy scaling is described, 

leading to the data being characterized as a Variable Quantum Classifier (VQC) [37]. To ensure 

that the accuracy or experimental risk is kept to a minimum, the loss function or the Hilbert-

Schmidt distance is improved while performing state inversion of samples through the SWAP 

gates that make up the fidelity measure [36]. 

Previous studies have explored the relationships between the classical model and the quantum 

model. Researchers attempted to evaluate the impact of combining in a quantum-classical model. 

What the authors show in classical quantum models is the apparent integration of their methods 

depend on the model of Quantum Approximate Optimization Algorithm (QAOA) to controlling 

set of model weights via deep learning represented by utilizing ResNet [36], and those methods 

supported our work. 

In 2019, Killoran et al. introduce a fully connected layer principle based on parametric quantum 

circuits to build quantum neural network topologies with Continuous-Variable (CV) [38]. They 

show that a CV design is useful for creating quantum-classical networks by connecting 

conventional neural networks with a quantum neural network in a single system. CV design can 

also be used in other types of networks, such as residual networks (ResNet) and convolutional 



 13 

networks. Where they used four training models, two of these models were applied hybrid quantum 

[38]. This also supports our work on this thesis. 

The classic computer has practically proven its effectiveness in solving a huge number of tasks 

with infinite accuracy in the results, but despite the classic computer's good performance, the 

problem of speed in obtaining results remains a factor that many researchers and computer 

designers are interested in. This is what quantum physics promises, which tries hard to give a 

scenario that can be summarized by exploiting the physical properties of some materials used in 

the manufacture of computer devices and by introducing designs for the circuits that make up these 

devices that are characterized by the use of modern quantum techniques. The application focuses 

on converting a classical state to a quantum one by constructing or programming quantum circuits. 

When transforming a small number of classical bits into comparable qubits, a huge amount of 

space is required. In practice, the importance of a classical computer in accomplishing tasks is not 

erased, since the ability of classical algorithms plays a part in dealing with a quantum computer. 

Both conventional and quantum devices' work may be regarded as collaborative and 

complementary. Quantum devices handle complicated mathematical operations that would be 

almost difficult for conventional devices to handle. Quantum devices, for instance, can handle 

Hilbert space. A Hilbert space is a complete space that is a vector space extension with an inner 

product structure. In the term of the inner product's distance function, a Hilbert space is a complete 

metric space. It might be simple or complicated. In contrast to quantum devices, which use linear 

algebra in quantum gates comparable to matrices, classical devices may consider individual values 

as a unit of arithmetic using Boolean algebra that acts on logic gates. When it comes to quantum 

processing, one of the requirements is to conduct base change generalizations and linear 

operations, which Hilbert space provides. 

The subject of quantum device development is still in its early stages, and NISQ devices are now 

being used to prepare, test, and create quantum algorithms. Stochastic noise, which renders 

quantum devices prone to inaccuracy, is one of the issues confronting this generation of quantum 

devices. Stochastic noise is a non-ideal circumstance that necessitates study in the area of quantum 

error correction to improve the accuracy of quantum systems. It's worth mentioning that when 

using the lithographic method to make quantum devices, a Josephson junction is generated 

between the qubits, which is considered a physical link. A tunnel produced by two superconducting 
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metals separated by an insulating barrier forms this junction. Quantum tunneling is the name for 

this kind of tunnel. The researcher emphasizes that IBM quantum devices have a distinct number 

of qubits and topological connectivity, which is not directly connected to their processing 

capabilities but rather to the term quantum volume. CNOT error, U gate error, crosstalk, 

topological connection, circuit depth before the degree of error, and the number of qubits all are 

variables that influence quantum volume. 
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3. THE BASICS OF INTERPRETING THE INITIAL CONCEPTS  

To address issues, quantum computing employs physical events and quantum mechanics concepts. 

Theoretically, this kind of computing may help solve some of today's processing challenges. It has 

become clear in the field of machine learning the use of quantum phenomena, which is something 

that many people are happy about. The work presented here creates a model based on a software 

framework to represent machine learning using TensorFlow Quantum (TFQ)  by building optimum 

quantum circuits in converting classical data into quantum data, taking advantage of the accuracy 

of quantum algorithms (QCNN), and making twists of their outputs to feed the classical algorithm 

(CNN) with the aim of obtaining the required accuracy in evaluating the results after reducing the 

excitation occurring in particles and thus reducing or lacking entanglement. This thesis investigates 

in a quantum learning model the ability to encode information using an amplitude coding approach 

using a Variable Quantum Classifier (VQC) as one of the learning techniques to give an improved 

preparation of the state by providing insight into the training data by characterization during deep 

data examination [39]. The introduction of these novel approaches raises the issue of how to 

effectively use them. The researcher intends to provide an overview into quantum machine 

learning's present state in light about real-world device constraints. The results of utilizing hybrid 

quantum-classical neural network over TFQ indicate that amplitude encoding has a clear 

advantage over other approaches. In addition, the no-free lunch theorem in a VQC is similar to 

conventional approaches that increase the number of learning rounds leading to feature- rich data 

[39]. 

3.1 THEORETICAL BACKGROUND 

This extremely specialized sector of quantum machine learning QML is made up of various 

components. This section's goal is to providing readers with sufficient background information by 

lightly discussing many of these issues before moving on to a more detailed look at the issues. 

3.1.1 A Classical Data Processing Overview 

Data preprocessing and data analysis are critical for establishing a thorough understanding of the 

material that will be examined or learned from. The researcher will go through a few of these 
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approaches that may be employed before and after using a learning strategy, as well as methods 

for understanding the outcomes. 

 

3.1.2 Dealing With Raw Data In Its Entirety 

A system's or program's raw data is frequently gathered for no other reason than its intended 

purpose. Data can be in a variety of formats, containing non-structured text, categories discrete 

variables, binary variables, continuous real variables, and multimedia (audio, pictures, and video). 

Data is frequently not ready to be learned from or used analytically in its raw form. It can be 

difficult to even get a basic understanding of the data without simplifying and streamlining the 

data using certain procedures to the desired level. Missing records, unbalanced classes, and outliers 

are three difficulties that are frequently connected with data processing. Missing records are a 

challenging challenge to solve since they would otherwise provide useful information for a 

learning process. The missing data problem requires the development of a number of strategies, 

for example using the feature's mean instead of the data itself, however, this results in the loss of 

potentially relevant material. What is worrying when dealing with data is unbalanced classes. This 

becomes clear when using heuristic learning, when one class or group of classes contains more 

samples than others, then the classes are unbalanced. One class's population outnumbers the others. 

In the worst-case situation, a technique may just evaluate all facts in favor of the majority. To solve 

this problem, using Oversampling methods by eliminating entries from the majority class and 

replacing them with records from the minority class, data may be balanced, such as the Tomek 

Links and Synthetic Minority Oversampling Technique (SMOTE) [39]. 

Outliers' third issue is generally more difficult to analyze and deal with. When data is found on the 

outskirts of the sample distribution, it is referred to be an outlier. Simply expressed, data that does 

not follow the same general pattern as the rest of the data. This may be managed in the simplest 

instance by removing samples with more than a certain number of standard deviations. 

3.1.3 Feature Dependent Processing   

Direct data transformation and manipulation procedures are frequently required in the 

preprocessing step to clarify the information in specific characteristics. Discretization, 
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normalizing, and smoothing are a few of these techniques. When using QML approaches, A 

model's learning behavior is replete with many modifications as a result of these techniques. [39]. 

3.1.3.1 Discretization   

In general, raw, continuous variables must be transformed in a feature discretization way into their 

counterpart across a separate, less complex feature space, which in itself is a devaluation. Here are 

two interesting questions: When should a discrete set or interval be stopped or started? How is an 

interval or discrete set determined? 

The data is divided into m-bins of size after sorting in a method called discretization, after which 

this data is translated based on the mean of each bin into bin values  [39], This approach has trouble 

determining what size m should be in order to get the greatest results, and it may take several 

cycles of trial and error. The second method is three steps to discretization based on ChiMerge 

Technique, first of all, the initial interval is set after the data is sorted ascending (each pair of 

values is considered)  where for each time interval there is only one value. The second step is 

calculating a value about 𝑋2 for each adjacent interval and compare it with the threshold to see if 

𝑋2 is less. The last step is to merge the two periods in case 𝑋2 is less than the cut-off otherwise 

the intervals are not combined. The boundaries of a newly merged interval will be replaced by the 

bottom and higher bounds of the first and second intervals, respectively.  

To utilize ChiMerge technique, to compute the values utilized in the 𝑋2 computation, it is 

necessary to establish a contingency table that employs the classes’ number in the dataset.  The 

ChiMerge technique is considered an statistical strategy, the benefit of this technique is to perform 

classification due to the large difference that it presents in the different results when choosing the 

intervals using the binning method [39]. 

3.1.3.2 Normalization 

Data is normalized when it is scaled between a specified range, such as [0, 1]. The values are 

ordered using a technique that considers all of the samples for a single characteristic. As a result, 

if applicable, normalization occurs column-by-column over the whole dataset. This is due to the 

fact that the values of each characteristic are unrelated to the values of the others. The idea of 

normalization is to reduce the influence that a single value might have on the behavior of a learning 
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approach when viewing a sample. Misguided learning under certain circumstances produces 

unusual (large/small) values, which (increases/decreases) the importance of feature values for 

these data, and this leads to limiting normalization to the data set with a majority of small data 

sets, so the outliers of the data must be deleted before normalization. This method has 

disadvantages, given that the learning technique may encounter difficulties in interpreting the 

characteristics of other data sets in the presence of outliers during the process of narrowing the 

data range during normalization  [39]. They are weighed in on the scale for normalization if they 

are included. Normalization without eliminating outliers might produce inaccuracies that become 

more difficult to understand as the study progresses. Normalization can take several forms, 

including standard deviation normalization, minimum-maximum (min-max) normalization, and 

decimal normalization. Table 3.1 displays these equations. 

Table 3.1: Shows data scaling normalization methods [39]. 

Normalization Methods Min-Max Standard Deviation Decimal 

Equations 𝑣𝑖 − min (𝑣𝑖)

max(𝑣𝑖) − min (𝑣𝑖)
 

𝑣𝑖 − 𝑚𝑒𝑎𝑛(𝑣) 𝑣𝑖

10𝑘
 

Before and after the learning process, the data must be evaluated since the normalization and 

application process depends on this data. To better match the data, a number of strategies are 

modified, such as the standard deviation and decimal normalization, as is evident in the above 

table, it is obvious that 𝑣𝑖 represents the value of the column when the column being normalized 

is 𝑣. The standard deviation of the std is calculated by finding the value of 𝑘, which is the amount 

of force required to make the column's greatest value equal to or less than one, in the decimal 

settlement, to fit the data appropriately. Adjustments are made to these strategies. More precisely, 

the weighting of the values may be reduced, and a parameter applied to the denominator in order 

to use the standard deviation normalization or depending on the classification task by doing a 

minimum-maximum normalization by normalizing between [0, 1] or [−1, 1], before and after the 

learning process, when the data must be evaluated, as it is normalized and applied to this data in 

both cases. 

3.1.4 Analysis Of The Results 

In order to explain results from previously applied techniques, ex-post analysis after training the 

model is an important component, the best way in almost every case (the classical or quantum 
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field) is to analyze the waiting method of learning or to use and test samples that have not yet been 

used anywhere in the learning process. There are two modes of post-analysis: 

a. The data sets are separated into categories: training and testing. 

b. The data sets are separated into categories: training, validation, testing. 

As it will be clear, During the learning process, feedback is provided based on the accuracy of the 

intermediate results, which is called a validation set accessible by the technology and which is not 

recommended for testing. The model must never use the holdout or testing set again where the 

method of processing the holdout set is similar to the method of processing the data [39]. As a 

result, the same preparation approaches must be used, such as normalizing and discretization. In 

terms of actual application, it's better to separate the testing set from the data just before starting 

any training, since this ensures that all of the essential processes have been appropriately followed. 

The learning model's accuracy on the new testing set is the most typical statistic employed here. 

When assessing a model's performance, the researcher examines F1-Score, Accuracy, Recall, 

Receiver Operator Curves (ROC), and Confusion matrices. also, the researcher explains how these 

measures suggest that employing TFQ to prepare an amplitude encoded dataset beats alternative 

state preparation approaches significantly greater. 

TFQ is superior to its peers in case preparation methods, and this is illustrated by the learning 

outcome of an encoded data set by focusing on capacity metrics. In addition, it was found that the 

metric results that were collected change dramatically in the quantum models when making 

different transformations of the data. Despite this, the evaluation will remain in the thesis using all 

scales, as accuracy was an appropriate choice depending on the behavior of the data set that was 

handled. Given that Post analysis of data interprets the outcomes of the learning technology and 

not the techniques used in the learning process, it can be considered deceptive. While post-analysis 

is instrumental in demonstrating forms of encoding and transformations, which in turn teach data 

in a quantitative space/representation. Where it is possible to capture the behavior of technology 

in the graphical results in some cases which makes these numerical metrics of great use. So, Data 

post-analysis might be challenging since it tries to explain the learning technique's output. 
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3.2 BRIEF OVERVIEW ON MACHINE LEARNING   

Artificial intelligence is paving the way for deep learning with new devices based on the 

complexity of learning in the modern era. Which led to the survival of many of the basics of 

learning unchanged, the researcher tries to make a brief overview to clarify some of the basic 

components of machine learning, as well as discussing some simple methods that still play a very 

effective role. In a broad sense, modern learning methods have become extremely sophisticated, 

the researcher has gone through several simple strategies that, despite their age, still work 

effectively. Prediction, classification, and clustering are the three categories of machine-learning 

algorithms. These three kinds, while complicated in their varied implementations, may be 

explained in a straightforward manner as follows: 

a. prediction is a job that seeks to determine a value given a collection of inputs with some 

degree of precision or accuracy. The accuracy of a prediction is tested against the 

prediction's immediate outcome. 

b. Classification is the process of determining which class a sample belongs to. The number 

of successfully categorized samples determines the accuracy of a classification model. 

c. Clustering techniques are typically based on a distance measure that looks at a "spatial" 

aspect of the data, i.e., those who are nearer to one another in n-dimensional space those 

are closer or geographically nearer to each other are clustered together. Clustering is a 

descriptive strategy that is commonly used before prediction or classification to generate 

some quantifiable by ordering or grouping subsets together within a dataset, an explanation 

can be found.  

The techniques supervised and unsupervised learning creates further distinction in machine 

learning concepts. 

i. Supervised learning is a way of feeding data samples to a procedure that has a class label or 

predicted outcome. The purpose of any supervised learning approach is to let the process run, 

apply whatever methods are available to it, and make an educated prediction about the 

predicted result based on its existing level of knowledge. The outcome (or group of results) 

of these estimates is then compared to the output or compared to the genuine internal functions 
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and the model parameters are often fine-tuned to the process starts all over repeatedly [39]. 

that essentially to illustrate the best machine learning and deep learning approaches get their 

best outcomes. 

ii. Unsupervised approaches are often used to provide formal descriptions of data, as the 

problem is approached differently as it occurs in such as clustering approaches, since their 

applications are different from what happens in supervised learning. It is not possible to 

measure part of the learning or after iteration using Unsupervised learning. It is not possible 

to be certain that clustering approaches are the same as Unsupervised learning. When 

clustering techniques are applied, they are generally the best performing among many 

techniques. Unsupervised approaches are often used to provide formal descriptions of data. 

The apriorist algorithm is an example of market-basket analysis while the Restricted 

Boltzmann Machines (RBM) is an example of learning probability distributions of a dataset. 

iii. Semi supervised learning is a mixture of unsupervised learning and supervised learning. 

3.2.1 Methods Of Learning  

The perceptron, also known as a multilayer perceptron (MLP), has cleared the way for deep 

learning. In 1958, the perceptron was invented. The researcher used an MLP to make a quantum-

classical method. Perception is a basic function that takes a vector with its' dot product that contains 

a real-valued weight as inputs [39]. A perceptron is extremely basic, and as a result, it cannot tackle 

nonlinear issues. Taking a simple example illustrated in, we conclude that a simple perceptron will 

not be able to separate orange points from red triangles, in other words, XOR gate faces a classic 

problem that cannot be solved by hyperplane. Which calls for devoting several concepts together 

to form a “layer”, and that An MLP is made up of numerous layers (usually three or more). An 

MLP is a dense layer or fully connected layer since each of its nodes (neurons) is linked to all 

others, so it used to learn Nonlinear approximations [39] as shown in Figure 3.1. 
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Figure 3.1: A classic XOR gate example A classic XOR gate example demonstrating the inability of a 

basic perceptron to address nonlinear issues. MLP fixes the issue via grouping samples within and outside 

the boundary (dots and triangles) respectively [39]. 

One of the fundamentals of deep learning is working in several overlapping “layers” of MLPs that 

may number into the thousands. Where it is divided in terms of processing methods into three 

parts: input layers, hidden layers, output layers. Figure 3.2 shows an example wherein a network 

of neurons consisting of 16 input neurons, hidden neurons, and one output neuron. 

 

Figure 3.2: Input, hidden, and output layers of an Artificial Neural Network (ANN) having perceptrons 

with numbers 16, 8, 1 respectively. In TFQ experiments, a network with nodes number two times in the 

second layer were employed [39]. 

Where software packages enable us to make modifications to the output layer of a perceptron, the 

activation function is used to control binary classification or continuous value regression as well 

as multiclass classification. 

Input layer ∈ ℝ16 hidden layer ∈ ℝ8 output layer ∈ ℝ1 



 23 

3.2.2 Learning – Optimization And Loss   

A basic factor in all learning systems is optimization, which can range from modest to extreme. 

The notion of learning is breathed in the adopted strategies via optimization. In fact, optimization 

entails finding a linear or non-linear equation in a space of feature, for instance, 𝑦 =  𝑎𝑥 + 𝑏 in 

the linear case [39]. But in general, the purpose of optimization is to find or 'fit' an equation that 

predicts, groups a dataset, or classifies as accurately as feasible. Doing this imposes the 

introduction of two concepts, namely: 

a. the loss functions. 

b. the learner or heuristic function. 

The researcher may describe the learning technique as a heuristic if optimization is the approach 

for learning. Hyperparameters are a specific sort of parameter that the heuristic is granted control 

over. Hyperparameters calculate and optimize the used model by calculate or decide its own model 

parameters which are hidden during building or implementing a technique at the start and will not 

be modified during training. The method of trial and error or inference is used, or the method used 

may be a mixture of both. The models are expected to grow to the point where these parameters 

tend to explode due to the large data sets and the complexity of feature spaces [39].   

A data-fitting function requires an iterative strategy to handle some minima (local or minimum) as an 

attempt to achieve converge, this strategy is called The Stochastic Gradient Descent (SGD) [39]. To 

compute a function's gradient, it uses two primary parameters:  𝜂 which stands for learning rate or 

step size  and 𝑤 which stands for weight. SGD is a differentiable function that is expressed as a 

sum of gradients. Equation 3.1 is used to calculate it, where 𝑄(𝑤) is the function to be minimized 

that what 𝑄𝑖 (𝑤) is. As a result, the 𝑖𝑡ℎ example of loss of the sample. The SGD generates a new 

weight after each iteration in its process. The key is balancing; the SGD must be high enough to 

move out of "bad" minimums while remaining modest enough not to bounce out of "good" 

minimums. Other optimizers use extra factors such as momentum to regulate learning behavior 

and tackle difficulties that SGD suffers with, such as saddle points. 
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𝑤 ∶= 𝑤 − 𝜂∇𝑄(𝑊) = 𝑊 −
𝜂

𝑛
∑∇𝑄𝑖(𝑤)

𝑛

𝑖=1

 

Equation 3.1: Is known as SGD algorithm [39]. 

  (3.1) 

To drive the optimizer towards these local minima, A loss function is used to construct a "guide" 

[40]. They don't so much take the optimizer out of a minimum as they try to get them to trend 

toward the minima. Loss can be imposed at any point throughout a batch, at the conclusion of an 

epoch, or an iteration. The heuristic can be determined by defining the loss. It can assess how 

learning is enhancing or lowering overall outcomes by using loss. It also explains overfitting, 

which occurs when a learning process goes in the incorrect direction or excessively. The values 

are weighted by the model and molds the output as a form from a node or neuron via a function's 

activation of post neural network as a primary function of the loss function of the learning method  

[39]. A neuron can be activated using a variety of activation functions. 

There is a cost associated with selecting one approach over another. The tasks of the loss function 

revolve around detecting the course of things during learning, as well as knowing whether the 

learning went in the wrong direction by the concept of overfitting, in addition to evaluating the 

learning work in terms of raising or lowering the overall results, all by trying to influence the 

optimizer after comparing the temporary results with "A guide” is constructed from the loss 

function, whereby this effect is attempted at the conclusion of an epoch or during a batch or during 

an iteration, whereby this optimization process is called Stochastic Optimizers.  The activation 

function is used to produce weighted values that form the output from a neuron or node to some 

desired form, where the loss is fed to a neural network or other learning methods by the model. 

The researcher reviews three types of activation functions in Table 3.2 by looking at the graphics 

resulting from the equations, note that the wave caused by the Rectified Linear Unit (ReLU) 

equation was able to converge faster than the waves resulting from the rest of the activation 

functions [40]. After each neuron has been activated, a single layer or an entire network has the 

process of applying a loss function to it. Loss at the conclusion of any training session indicates 

an improvement in performance, most commonly accurate, indicating that the heuristic has learned 

some aspect of the input [41]. 
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Table 3.2: Artificial neural network activation functions that are often used [36]. 

activations functions Plots 

ReLU 𝑓(𝑋) = max (0, 𝑋)  

Sigmoid 1

1 + 𝑒−𝑥
 

 

Hyperbolic Tangent 𝑒𝑥 − 𝑒−𝑥

𝑒𝑥 + 𝑒−𝑥
 

 

The researcher notes that it is not possible to be certain that the model has been fitted. Realizing a 

model has overfitted without a validation or holdout set of data, which makes Overfitting is an 

issue, then the optimizer reducing the loss function on the training data after switched from fitting 

to feature information, where the optimizer plots heuristic behavior by switching from fitting to a 

function and instead attempting to memorize the data. The validation data set within the model can 

facilitate the over-optimized identification of the learning function, but it is the method or method 

of its implementation that defines the overfitting problem. In other words, when the model has 

been trained for a very long time or when the data is suitable as possible, the problem of overfitting 

is obvious, and the problem of overfitting can be avoided by losing some of the knowledge gained 

throughout an epoch, lowering the learning method's complexity, or lowering the amount of time 

spent training, wherein scholar M. Telahun argued "using the wrong quantum state preparation 

techniques will lead to underfitting." in his thesis on the use of TensorFlow quantum [39]. 

3.3 QUANTUM COMPUTING 

The history of quantum computation is complex and long enough to reach the current results, as 

there are conflicting opinions about the essence of the basics of this great field and what can 

provide a qualitative leap in the future of humanity and may change many previous concepts of 

other sciences. In 1948, at the Pocono Conference, with "Alternative Formulation of Quantum 
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Electrodynamics." As a title , Feynman presented his findings and the unfamiliar his diagrams to 

his colleagues [25]. Paul Benioff began in the 1970s investigating quantum computing's theoretical 

viability when he described his research described a quantum mechanical model of Turing 

Machines that came to light in the 1980s. In addition, Yang-Mills theory, quantum information, 

and mirror symmetry are among the topics on which Yuri Manin has published, Deutsch and Jozsa 

developed the first algorithms as a result of their contributions after several years. In 1994, Peter 

Shor's technique sparked interest in quantum computing by using the principle of integer 

factorization and discrete logarithms. What has threatened the protection of communications and 

data storage is the emergence of the so-called Short's Factoring algorithm that can speed up 

cryptanalysis techniques. And certainly, the emerging technologies face new challenges during the 

physical implementation of quantum computers, including the loss of information to the 

environment quickly, compared to quantum gates under a phenomenon called decoherence. Which 

in turn restricts the work of some algorithms. 

Taking advantage of the properties of some metals, bringing quantum computers closer to reality, 

Resonant circuits are made from superconducting metals with coherent lifetimes up to millisecond-

long, but the noise remains an inherent feature of quantum computers. Using certain algorithms 

that can be run with existing technology via usage of Noisy Intermediate Scale Quantum Devices 

(NISQ), for this current technology and hardware development stage, algorithms and simulations 

are created. Quantum computers are capable of tracking and describing qubits compared to their 

classical counterparts, in which quantum comprehension would require a very large set of classical 

numbers. The postulates of quantum mechanics are algebraic in nature, implying that there is an 

inherent relationship between algebraic operations and quantum computation. 

In the 1990s, engineers and scientists devised the quantum circuits based on the concept of the 

quantum binary bit qubits to raise the exponential speed-up techniques in Principal Component 

Analysis (PCA), Support Vector Machines (SVM), and K-means Clustering, which depends in its 

work on data processing and machine learning methods using NISQ devices that lack practical 

realism through application development and its significance with high and diverse optimizations 

Resulting in multiple advances in current Quantum Computing. Quantum bits or Qubits are 

specified to represent the state |𝜓⟩ by probability amplitudes’ set 𝛼𝑛 wherein 𝑛 is basis states’ 
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number as shown in Equation 3.2 which generalizes the qubits, while the constraints are illustrated 

in Equation 3.3 [39]. 

|𝜓⟩ = 𝛼0|0…00⟩ + 𝛼1|0…01⟩ + ⋯𝛼𝑛|1…1⟩ 

Equation 3.2: Representing Quantum bits [39]. 

 (3.2) 

 

|𝝍⟩ = 𝜶𝟎|𝟎…𝟎𝟎⟩ + 𝜶𝟏|𝟎…𝟎𝟏⟩ + ⋯𝜶𝒏|𝟏…𝟏⟩ 

∑|𝑥𝑖|
2

𝑛

𝑖=0

= 1 

Equation 3.3: Constraints on Quantum bits [39]. 

 (3.3) 

The classic computer has practically proven its effectiveness in solving a huge number of tasks 

and with endless accuracy in the results, but despite the good performance of the classic computer, 

the problem of speed in obtaining results remains a factor that arouses the curiosity of many 

researchers and computer designers. This is what quantum physics promises, which is trying hard 

to give a character that is summarized by exploiting the physical properties of some materials used 

in the manufacture of computer devices and by introducing designs for the circuits that make up 

these devices characterized by the application of modern quantum techniques. The application 

focuses on how to represent the classical state into a quantum state by creating or programming 

circuits of a quantum form. Since the representation of a small number of classical bits needs a 

very large space when converting it into equivalent qubits. Practically, the role of a classical 

computer is not eliminated from performing tasks, as the skill of classical algorithms has a presence 

role in dealing with a quantum computer. The work of both classical and quantum devices can be 

considered joint and complementary to each other. Quantum devices deal with complex 

mathematical operations that would be almost impossible to deal with by classical devices. For 

example, the handling of Hilbert space by quantum devices. A Hilbert space is an extension of a 

vector space as a complete space with an internal product structure  [39]. It can be real or complex. 

Classical devices can treat individual values as a unit of arithmetic using Boolean algebra that 

operates on logic gates, in contrast to quantum devices in which vector space is the basic unit using 

linear algebra in quantum gates similar to matrices. Where a requirement to achieve quantum 
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computation is to perform base change generalizations and linear operations and this is exactly 

what Hilbert space allows. To satisfy Hilbert space the following characteristics must be present: 

i. Any complex numbers a and b in its first argument, the inner product is linear. 

〈𝑎𝑥1 + 𝑏𝑥2, 𝑦〉 = 𝑎〈𝑥1, 𝑦〉 + 𝑏〈𝑥2, 𝑦〉 

Equation 3.4: The inner product is linear [39]. 

 (3.4) 

ii. the swapped parts' inner product has complex conjugate being the same for a pair of elements 

[39]. 

〈𝑥, 𝑦〉 = 〈𝑥, 𝑦〉 

Equation 3.5: The complex conjugate [39]. 

 (3.5) 

iii. Positive-definite is the additive manufacturing technology of an element when works with 

itself [39]. 

{
〈𝑥, 𝑥〉 > 0     𝑥 ≠ 0
〈𝑥, 𝑥〉 = 0     𝑥 = 0

 

Equation 3.6: The Positive-definite [39]. 

 (3.6) 

The field of building quantum devices is still young, and Noisy Intermediate Scale Quantum 

(NISQ) gadgets currently utilized in preparing, test, and develop quantum algorithms. One of the 

challenges facing this generation of quantum devices is stochastic noise, which makes them prone 

to error. Stochastic noise is a non-ideal condition that requires work to increase the accuracy of 

quantum systems through a research field called quantum error correction. It is worth noting that 

when creating quantum devices with a process called lithographic, a junction is formed consisting 

of two superconducting separated metals called Josephson junction formed between the qubits. 

These minerals are separated by an insulating barrier, also known as quantum tunneling. The 

following figure shows a different number of qubits and topological connectivity for IBM quantum 

devices, and this difference in numbers is not directly related to their computational capabilities 

but rather to the term quantum volume. The term quantum volume depends on many factors 

including 𝐶𝑁𝑂𝑇 error, 𝑈 gate error, crosstalk, topological connectivity, circuit depth before the 

errors' level, and a number of qubits.  
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Figure 3.3: Three topologies for IBM quantum devices, courtesy of IBM Q Experience. The error rates of 

connections and qubits are shown by their color. Higher mistake rates are indicated by darker hues. The 

devices are reset on a regular basis, which affects the error rates for the better or for the worse. In the IBM 

Q Experience program, error rates for basic gates are also presented [39]. 

State changes are generated by applying the unitary gate using an arbitrary change that aims to 

transform a basic data on the computational basis of a qubit. For instance, Figure 3.4 shows a 

unitary gate or 𝑈 gate on data set {𝑥, 𝑦, 𝑧} as inputs to obtain a new set of transformed states as 

outputs. 

 

Figure 3.4: Creating state changes by applying Unitary gate[39]. 

3.4 MACHINE LEARNING WITH QUANTUM-ASSISTANCE 

In order to increase the learning of classical methods, quantum components can be added to the 

basic data processing process that would achieve similar or better results using less information, 

reveal more appropriate patterns for quantum information, or accelerate learning to solve classical 

problems using quantum devices. As shown in Figure 3.5, Quantum-assisted machine learning 

provides four types of approaches, the data archetype is expressed as the first symbol while the 

computing device is expressed as the second symbol, where the two letters are combined together 

to express the data archetype and computing device type sequentially. 
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Figure 3.5: Data and system act relationship quadrant map, each of "C", "Q" stand for classical as well as 

quantum. The data source is represented by the first character, while the device is represented by the 

second. On a quantum gadget, CQ is read classical data [39]. 

In the NISQ era, many models emerged to overcome the issue of noise within the development of 

quantum machine learning computing (QML), and some of these models dealt with a methodology 

that applies the concept of "shots" as the basis of a working principle like Quantum Convolutional 

Neural Network (QCNN) model that applies iterative experiments to the probability distribution 

of outcomes Depending on the largest experiment value, some quantum values can be fed as 

optimized quantum parameters as input parameters for the next circuit, and so on, thus making this 

iteration of QML have a lot of the circuit's complexity and the likelihood of receiving a noisy 

expected outcome [39]. 

3.5 QUANTUM CLASSIFIERS' PARAMETRIC AND QUANTUM GATES 

The researcher presents a quantum algorithm that is destined to work on quantum devices and take 

advantage of the characteristics of conventional algorithms and at the same time it has the ability 

to treat noisy devices that are short-depth circuits and works by using error-mitigation strategies 

to lessen the impact of decoherence. So as to make quantum circuits as simple as possible, the 

variational quantum classifier VQC algorithm similar to SGD algorithm is applied in its iterative 

way and the value of the largest output is taken to deal with the error correction issue as an attempt 

in order to enhance the modeling and lower the error rate for the noisy data throughout the process 

of transforming classical data to its quantum equivalent, amplitude encoding is used to prepare 

states. Figure 3.6 shows the feature map using the VQC algorithm architecture for the variational 

circuit's optimization.  
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Figure 3.6: A VQC model's pipeline. After preprocessing the data for robust learning in Hilbert spaces, 

the feature map 𝒗𝝓(𝒙 ⃗⃗⃗  ) is applied to it. The variational quantum circuit is then employed after that. The 

circuit's output is sent into a typical device's optimizer, which changes the parameter 𝜃 [39]. 

It has conclusively been shown that in order to perform optimization on the variational circuit, it 

is necessary to first apply the feature map, where the classical data is converted to its quantum 

state |𝜓(𝑥𝑖)⟩ within “black-box” encoding work to find transformations to the ground state |0⟩𝑛 

[35], Where classical data is represented in a quantum system with higher dimensions within the 

Hilbert space [42], [43] , as shown in Equation 3.7 and Equation 3.8. 

𝑣𝜙(𝑥 ⃗⃗⃗  ) = |Φ(𝓍 ⃗⃗  ⃗)⟩ = 𝑈Φ(𝓍 ⃗⃗  ⃗)𝐻
⊗𝑛𝑈Φ(𝓍 ⃗⃗  ⃗)𝐻

⊗𝑛|0⟩
⊗𝑛

 

Equation 3.7: Equation the feature map to find 𝑯 known as Hadamard gate [42], 

[43]. 

 (3.7) 

 

𝑈Φ( 𝓍 ⃗⃗  ⃗ ) = 𝑒𝑥𝑝(𝑖 ∑ 𝜙𝑠( 𝓍 ⃗⃗  ⃗ )

𝑠⊆[𝑛]

∏𝑧𝑖

𝑖∈𝑥

) 

Equation 3.8: Equation a diagonal gate in the Pauli 𝒁 – basis [42], [43]. 

 (3.8) 

 Quantum bits, also known as qubits, are quantum counterparts of classical bits. In a two-

dimensional Hilbert space H2, qubit is unit vector with an orthonormal basis, denoted by basis 

{|0⟩, |1⟩}, has been fixed, which can be superimposed when complex numbers 𝛼 and 𝛽, then can 

be represented as 𝛼|0⟩ + 𝛽|1⟩ = 1, this superposition can be measured as the isotope of classic 0 

is |𝛼|2 while the isotope of classic 1 is |𝛽|2. Every n-qubit quantum gate is unitary matrix 𝑈 defined 
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over Hilbert space n-qubit that represents linear change, for which the conjugate transpose is 𝑈† 

then 𝑈𝑈†  =  𝐼. There are many types of unitary gates, including: 

i. The Pauli set of single-qubit gates is shown in Equation 3.9: 

𝜎0 = 𝐼 = [
1 0
0 1

] , 𝜎1 = 𝑋 = [
0 1
1 0

] , 𝜎2 = 𝑌 = [
0 −𝑖
𝑖 0

] , 𝜎3 = 𝑍 = [
1 0
0 −1

]          (3.9) 

Equation 3.9: Elements as single-qubit gates of the Pauli set [44]. 

ii. The Bloch sphere is a unitary gate around rotation operators of the axis’s (x, y, z) [44] as 

shown in Equation 3.10: 

       ℛ𝓍(𝛼) = [
cos

𝛼

2
−𝒾sin

𝛼

2

−𝒾sin
𝛼

2
cos

𝛼

2

] , ℛ𝓎(𝛼) = [
cos

𝛼

2
−sin

𝛼

2

sin
𝛼

2
cos

𝛼

2

] , ℛ𝓏(𝛼) = [𝑒
−𝑖

𝛼

2 0

0 𝑒𝑖
𝛼

2

]       (3.10) 

Equation 3.10: The Bloch sphere with rotation operators as single qubit unitary gates around 𝒙, 𝒚 and 𝒛 

axis with the angle 𝜶 [45], [46]. 

iii. Hadamard, 𝐻, and 𝑇 gates are shown in Equation 3.11: 

𝐻 =
1

√2
[
1 1
1 −1

] , 𝑇 = [𝑒
𝑖
𝜋
8 0

0 𝑒−𝑖
𝜋
8

] 

Equation 3.11: Single-qubit gates (𝑯,𝑻) called Hadamard [46]. 

 (3.11) 

𝐶𝑘  𝑈 gates have one target and k control qubits, a controlled-𝑈 gate can be considered as a gate 

operating on two qubits are control and target qubits assuming that a gate works on a single qubit 

is known as 𝑈 based on it only if a control qubit value equal |1⟩ then 𝑈 is applied to a qubit target. 

Qubits and flow time travel from left to right through quantum wires that connect quantum gates 

together to form the quantum circuits. The quantum circuit's unitary matrix is calculated by taking 

the tensor product or dot product of quantum gates' unitary matrices, so the effect on those gates 

is calculated. The neighboring gates that work on distinct qubits' subsets may be utilized 

simultaneously time, and the tensor product is used to calculate the total net impact as shown in 

Equation 3.12: 
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𝐴⨂𝐵 = [

𝑎11𝐵, 𝑎12𝐵
𝑎21𝐵, 𝑎22𝐵

⋯
𝑎1𝑛𝐵
𝑎2𝑛𝐵

⋮ ⋱ ⋮
𝑎𝑚1𝐵, 𝑎𝑚2𝐵 ⋯ 𝑎𝑚𝑛𝐵

] 

Equation 3.12: The tensor product (Kronecker product) when 𝑨 is 𝒎 ×  𝒏 matrix, 𝑩 

is 𝒑 ×  𝒒 matrix [46]. 

 (3.12) 

3.6 THE SIMULATING MODEL TO COMPUTATIONAL QUANTUM 

CIRCUIT MODEL 

3.6.1 Quantum Computation's Cluster-State Model 

Cluster state is a fixed quantum state over wherein a set of single-qubit measurements for coherent 

quantum information processing [45], such that a classical computer may efficiently mimic 

measurements on every one-dimensional quantum state that has been linearly prepared as well as 

any naturally occurring physical sequence system cannot have the cluster state as its precise ground 

state and this is what characterizes the cluster state model. What prompted researchers to develop 

a thorough knowledge of simulation from a physics standpoint is that a physical system can be 

simulated by another physical system, so it is believed that hypothetical quantum computers would 

be able to simulate any other physical system efficiently in the near future. [42]. As usual, physical 

resources remain the focus of many researchers, which requires a sufficient universal for quantum 

computation used in building a quantum computer. Models for quantum computation are 

measurement based where non-unitary quantum measurements are used in all basic dynamical 

procedures for this model. It's worth noting that it can mimic any quantum dynamics, including 

unitary dynamics. The so-called one-way quantum computer, or cluster-state model, suggested by 

Raussendorf and Briegel [46], is a family of measurement-based quantum computing models. The 

cluster-state model has a structured form which are still being deciphered, but it varies significantly 

from the traditional unitary computing quantum paradigm. These distinctions have resulted in new 

insights into quantum computing complexity [47] as well as drastic simplifications in experimental 

quantum computation approaches [48]–[51] suggested and developed an alternative technique to 

measurement-based quantum computing [52], [53]. The research on measurement-based quantum 

computing, in general, has exploded in recent years. A quantum-mechanical model of computing 

may be built in many various methodologies a priori. All the physically viable quantum computing 
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models that have been presented so far have shown to be computationally similar. That is, any of 

these seemingly disparate models of computing can effectively replicate the others, as a result, 

they don't differ in terms of the kinds of computational issues they potentially handle. The most 

well-known quantum circuit model for quantum computing is a modification around classical 

circuit model whose basis of operation is “OR” and “AND” as Boolean logical operations. The 

operation of the quantum circuit model can be summarized like a brief overview about 

conventional unitary quantum circuits quantum computing model: 

The quantum circuit model is considered to be quantum computing's conventional model. The 

following example on a quantum circuit in Figure 3.7 illustrates the essential features of the 

quantum circuit model: 

 

Figure 3.7: The essential features of the quantum circuit model [45]. 

The horizontal lines represent quantum wires, the (orthogonal) computational basis states  |0⟩ and  

|1⟩ span wo-dimensional quantum mechanical systems. The left-to-right travel of a wire represents 

progress through time rather than movement of the qubit across space. The entire |0⟩ state, |0⟩
⊗𝑛

 

n, is often used as the qubits' starting state. The qubits are processed via a sequence of one-qubit 

or two-qubit quantum gates. These quantum gates are one- or two-qubit unitary operations that 

change their states. A single-qubit gate, for instance, seems to be the Hadamard gate as an 

illustration in Figure 3.8. 

 

Figure 3.8: Hadamard gate [45]. 
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The unitary matrix encoding regarding the |0⟩, |1⟩ basis illustrates the Hadamard gate's action is 

shown on the right which takes an input |0⟩ then converts into (|0⟩, |1⟩)/ √2. Rotations about axes 

X, Y, Z are also significant single-qubit gates as sown in Figure 3.9: 

 

Figure 3.9: Rotations about axes X, Y, Z are also significant single-qubit gates [45]. 

wherein X, Y, Z are Pauli's shorthand notations 𝜎𝑥 , 𝜎𝑦 , 𝑎𝑛𝑑 𝜎𝑧 matrices, respectively. Perhaps the 

most extensively utilized two-qubit gate is the controlled-not gate as illustration in Figure 3.10: 

             

Figure 3.10: The controlled-not gate [45]. 

The control qubit is on top, while the target qubit is on bottom. Because the computational basis 

has the Controlled-not effects wherein ⨁ is addition 𝑚𝑜𝑑 2 to convert |𝑥, 𝑦⟩ to |𝑥, 𝑦⨁𝑥⟩, these 

names are employed. That is, the target is flipped if the control is set to 1 otherwise the target is 

stays untouched, so the control qubit is unaffected. the more controlled-unitary gates have a subset 

so-called Controlled-not gates as sown in Figure 3.11: 

 

Figure 3.11: Controlled-unitary gates [45]. 

The control qubit is used in both circumstances, whereas the target qubit is used in the other. 𝑈 is 

applied to the target qubit in the first circuit if the control qubit is set to 1, but 𝑈 is applied to the 

target qubit in the second circuit if the control qubit is set to 0. Aside from the controlled-not, the 

controlled-phase gate is another kind of controlled-unitary gate that is used. 
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Figure 3.12: The controlled-phase gate [45]. 

As shown in Figure 3.12, |𝑥, 𝑦⟩ → −1𝑥𝑦|𝑥, 𝑦⟩ is the computational basis's controlled-PHASE 

activity. Total impact of the gates in a circuit looks like on the n input qubits that (1) is a joint 

unitary transformation because the individual gates are unitary. A question that draws attention is 

which unitary operations are possible to synthesize in this manner? It turns out that if the accessible 

gates include a two-qubit entangling gate at the very least and all single-qubit gates, the qubits may 

then be utilized to synthesize any unitary operation, in other words the gate set is universal, such 

as the controlled-PHASE or Controlled-not [54]. Finding tiny quantum circuits that synthesize 

suitable unitary operations is the difficulty of quantum computing. The number of gates needed to 

synthesize a generic unitary 𝑈 over n-qubits increases exponentially on n [55]. Unitary operations 

may be synthesized by finding an exponential scale or by using a few gates that scales polynomial 

in (n) which is the most desirable family. Many simple forms of the quantum circuit concept are 

often utilized in practice. These are some of them:  

i. Accepting any tensor product of single-qubit values as the input state, |𝜓1⟩ ⊗ |𝜓2⟩ ⊗ … ⊗

|𝜓𝑛⟩. A sequence of bits made up of zeros and ones a sequence of bits made up of zeros 

and ones the state of the sub-qubits in the quantum circuit is read by measuring them in 

their respective computational bases. wherever it is a measurement in the computational 

base is indicated by the meter ending the top wire. 

ii. Measurements and feedforward of measurement findings are possible throughout the 

computation, allowing subsequent actions to be influenced by the results of previous 

measurements none of these adjustments increase the quantum circuit model's processing 

capability, but they do make it easier to work with. 

iii. Measurements on any single-qubit orthonormal basis are allowed Because a computational 

basis measurement may be accomplished after the single-qubit unitary operation. 

 

    

 

 

𝑍 
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3.6.2 A Cluster-State Computation 

Quantum circuits effectively simulated using cluster-states model [46], [56]. A cluster-state is a 

quantum state with a large number of entangled qubits are set up and the cluster is processed via a 

multi-qubit adaptive series of measurements and then reading the outcome of the calculation from 

the remaining qubits. The idea of working the cluster-state can be summarized as follows: 

it may be established a corresponding n-qubit cluster state for any graph G with 𝑛 vertices by after 

connecting a matching qubit to each vertex, the qubits are prepared using a graph-dependent 

technique. For an instance, Figure 3.13 depicts a six-qubit cluster state. 

 

        

Figure 3.13: Six-qubit cluster state [45]. 

The following preparation technique may be used to determine a graph’s cluster state: 

a. Assemble each of the state’s n qubits |+⟩ ≡ (|0⟩ + |1⟩)/√2. 

b. Between qubits with connected graph vertices, controlled-PHASE gates are employed. 

Because the controlled-PHASE gates commute, there is no need to specify the order in which they 

are applied. In terms of applying quantum gates the cluster’s construction allows for an 

employment of classical devices as models of quantum devices, but clusters may also be prepared 

via measurements, making the cluster-state model a true measurement model of quantum 

computing. Originally, A set of states connected is indicated by “graph state” which is more broad 

graphs G. The development of quantum computing techniques based on the principles of 

Raussendorf and Briegel [57], they demonstrated that this class of states may be employed as a 

quantum computer environment when they coined the word “cluster state” but using different 

graphs when the graph G could be two-dimensional square lattice [46]. The next calculation phase 

executing series of processing single-qubit measurements over cluster state once it has been 

constructed. Because the measurement foundation used may be influenced by the results of 

previous measurements, feedforward of classical measurement results is permitted. Consequently, 
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the measurement findings might be handled by a traditional computer to help with the feedforward 

process. For more efficiency in the cluster-state computation, the classical calculation must be of 

polynomial size. This is done in one of two ways: 

a. Make the computation’s output a classical bit string After the processing measurements are 

complete, a series of single-qubit measurements (a set of read-out measurements) are 

applied to the qubits that remain. 

b. Consider that computation after the processing measurements sequence has ended, it has 

the quantum state of the qubits that remains, i.e., as a quantum state as output. 

For instance, shown in Figure 3.14: 

 

Figure 3.14: A quantum state as output [45]. 

After the processing measurements are completed, the computation’s output remains unlabeled 

qubits, while processing measurements actually occur on labeled qubits. A single-qubit unitary 

𝑈 =  𝐻𝑍±𝛼𝑗
, 𝐻𝑍±𝛽𝑗

 and a positive integer n are used to designate the qubits. Then, the qubits can 

be measured in simultaneously or in either order, if they have the same label, The measurement 

results are determined by the processing measurements’ time-ordering which will be sent forward 

to control subsequent measurement rules. The 𝑈 label designates the measurement basis for the 

qubit, a computational basis measurement follow the suggested unitary U rotation. In the basis 

{𝑈†|0⟩, 𝑈†|1⟩}, a single-qubit measurement is conducted. The notation 𝐻𝑍±𝛽2
and 𝐻𝑍±𝛼2

denotes 

that that the results of earlier measurements impact the sign choice in a manner that must be 

determined separately. 
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3.6.3 Using The Cluster-State Model’s Computation To Simulate Quantum 

Circuits 

A basic circuit identity (one-bit teleportation) utilizes for imitate quantum circuits using cluster-

state computation [58]. 

 

Figure 3.15: One-bit teleportation [45]. 

What Figure 3.15 is that by expanding |𝜓⟩  =  𝛼|0⟩  +  𝛽|1⟩, this identity may be verified (wherein 

the first qubit’s computational basis measurement results be m as 0 or 1) by the gate definitions 

given earlier, so that the state after the Hadamard gates and controlled-PHASE is 𝛼|+ +⟩ +

 𝛽|− −⟩. As a consequence of which for this state, the re-expressed equation may be 

(|0⟩ ⊗ 𝐻|𝜓⟩ + |1⟩ ⊗ 𝑋𝐻|𝜓⟩)/√2. Thus, the identity generalized to the following identity is 

illustrated in Figure 3.16: 

 

Figure 3.16: The identity generalized to the following identity [45]. 

The evidence lies in the fact that 𝑍𝜃 uses the controlled-PHASE gate to commute, therefore the 

circuit’s output is the same as it would have been if 𝑍𝜃|𝜓⟩ had been used instead of |𝜓⟩ in Equation 

of Figure 3.16. No quantum information is lost even when the first qubit is measured because 

regardless of the measurement result, the second qubit’s posterior state is related to the original 

input using known unitary transformation |𝜓⟩. The two qubits’ current states are swapped by a 
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swap gate instead of the controlled-PHASE gate. Before measurement, all quantum information 

will be transmitted to second qubit from first qubit since no quantum data has been destroyed as a 

result of a measurement on the first qubit. This is contrary to the norm, meaning It is possible to 

modify the measurement basis for the first qubit withou’ losing any quantum information by 

changing the unitary transformation applied to the second qubit, such as  the EPR phenomenon has 

been generalized in this way [59], as well as a quantum error-correcting code example The above 

equation may be used to demonstrate how cluster-state computing can be used to mimic quantum 

circuits. The next kind of single-qubit circuit may be simulated as shown in Figure 3.17: 

 

Figure 3.17: Kind of single-qubit circuit [45]. 

It’s worth noting that assuming that single-qubit gates are 𝐻𝑍𝛼 type and qubit begins in the |+⟩ 

state. These assumptions have no bearing on the system’s generality because it’s self-evident that 

any single-qubit circuit capable of simulating these operations may be emulated. For the previous 

circuit the cluster-state computation will be as sown in Figure 3.18: 

 

Figure 3.18: Cluster-state computation [45]. 

The result of this cluster-state computation is the same as the output of the quantum circuit 

described below which clarified in Figure 3.19, according to the definition: 

 

Figure 3.19: The result of this cluster-state computation [45]. 
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The Figure 3.20 shows that alternatively, after operations on the first qubit measurement is 

complete its can be start on the second and third qubits: 

 

Figure 3.20: Operations’ sequence on qubits measurement [45]. 

If m1 is the output of the first qubit’s measurements and the output of the second qubit’ 

measurements is m2, then output may be determined by the circuit 𝑋𝑚2𝐻𝑍±𝛼2
𝑋𝑚1𝐻𝑍𝛼1

|+⟩ as a 

result, the feedforward may be utilized to pick the sign of ±𝛼2, resulting in 𝑍±𝛼2
𝑋𝑚1  =  𝑋𝑚1𝑍𝛼2

. 

Consider 𝐻𝑋𝑚1  =  𝑍𝑚1𝐻; the output may be recast as 𝑋𝑚2𝑍𝑚1𝐻𝑍𝛼2
𝐻𝑍𝛼1

|+⟩, making the known 

Pauli matrix 𝑋𝑚2𝑍𝑚1  the same as a single-qubit quantum circuit’s output, with 𝐻𝑍𝛼 gates, this 

example may be simply adapted to massive single-qubit circuits. While as seen in Figure 3.21, 

multi-qubit quantum circuits may be simulated by cluster-state computation: 

 

Figure 3.21: Simulating multi-qubit quantum circuits [45]. 

To summarize, it became evident that effectively simulate any quantum circuit utilize computing 

cluster-state model with all |+⟩ states as gates and inputs with either HZ gates or controlled-phase 

gates. The cluster-state model as resources is ubiquitous for quantum computing so efficiently 

simulate any quantum circuit. In contrast, In the quantum circuit model, any cluster-state 

computation possible correctly simulated, meaning that two models are equivalent in terms of 

computational complexity. 
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3.6.4 The Cluster-State Model’s Properties 

For quantum computing, cluster states are valuable substrates. Where the spatial dimension is an 

important factor. Linearly assembled quantum states (a state |𝜓⟩) created by one-dimension 

possible effectively simulated using classical devices, so they’re considered useless for quantum 

computing. For instance, as a linearly assembled quantum state of some product starting state, 

quantum measurements in a succession on a series may be performed wherever the basis for 

subsequent measurements may be prepared, these subsequent measurements are influenced by the 

findings of previous measurements to make use of a circuit in the form shown in Figure 3.22: 

 

Figure 3.22: Subsequent measurements are influenced by the findings of previous measurements [45]. 

 

 

 

 

 

 

 

 

The computational basis, on the other hand, is comparable to the circuit shown in Figure 3.23: 
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Figure 3.23: The computational basis [45]. 

The circuit in the above figure possibly simulated using classical computer, it means, a classical 

simulation of the calculations is carried out in order to obtain an accurate operational result. U12 is 

applied to |0⟩ to calculate the probabilities of the measurement on the first qubit, then generate a 

posterior state (as inputs for U23) after adopted the currently samples distribution for the 

subsequent qubit, after that, the process of calculating probabilities, sampling, and computing 

posterior states is repeated. It is necessary to execute calculations to 𝑂(log (
1

𝑛
)) bits of accuracy 

in order for the final result to be exact for an efficient classical simulation. To achieve this taking 

into consideration the necessity of multiplying the integers of the floating point (c), the 

computation process requires performing 𝑂 (𝑛 log𝑐 (
1

𝑛
)) operations. 

To further clarify and prove that measure the qubits in a different sequence perhaps led to approach 

has a polynomial with an n-time overhead, making it efficient, the researcher reviews the example 

in the Figure 3.24 that measures the qubits in a different order: 

 

Figure 3.24: Measures the qubits in a different order [45]. 

With 𝑛 = 4 qubits involved, the current state (𝜌𝑗) is defined before the subsequent (𝑈𝑗,𝑗+1) qubit 

is applied but after the (𝑈𝑗−1,𝑗) qubits can be applied, the 𝑛 corresponding qubits can be measured 

to the two possible measurement outcomes by deducing trace-decreasing operations ℰ𝑛,0 as well 
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as ℰ𝑛,1 over qubit 𝑛 −  1, then calculating state measurement ( 𝜌𝑛−1) to simulating the nth qubit 

measurement. All of the potential measurement outputs may be simulated using a classical 

computer by iterating this technique. Since the computations must be accurate, it done with 𝑂(𝑛) 

bits of accuracy, this approach is efficient since its time overhead is polynomial in n. Based on the 

foregoing, the unitary processes at the quantum circuit model's core may be replicated using 

measurements on cluster states. 

3.7 DEEP QCNN ARCHITECTURE WITH MERA 

The Density Matrix Renormalization Group (DMRG) gives an understanding of quantum 

entanglement in quantum information science of one-dimensional (1D) systems, which has led to 

a fundamental gain in numerical simulations of multi-body quantum systems [60]–[64]. Focusing 

on quantum systems on a lattice, entanglement renormalization employs a quantum systems circuit 

for a rigorous evaluation of local expectation values with logarithmic depth and distinct causal 

structure, as demonstrated by MERA, on a D-dimensional lattice, the Multi-Scale Entanglement 

Renormalization Ansatz (MERA) may be utilized to effectively describe certain quantum many-

body states [65], such as address 2D systems [61] and efficient algorithms to simulate time-

evolution [60]. 

To efficiently represent the states of quantum multibody objects by these algorithms is to use a 

network of tensors. The tensors in the network are connected within specific structures that are 

determined according to the dimensions of the link system. The tensor network is Matrix Product 

States (MPS) if the system is one-dimensional [66], or the system may be two-dimensional and 

more, then the tensor network is known as Projected Entangled-Pair States (PEPS) [61], 

alternatively the system may have the structure of a tree, in which case the tensor network would 

be known as Tree Tensor Networks (TTN) [62]. 

 MPS is illustrated in Figure 3.25: 
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Figure 3.25: Matrix product states (MPS). In a 1D lattice 𝓛, the |𝟎⟩⨂𝑵
 state is transformed by a quantum 

circuit C containing 𝟐 𝑵 −  𝟏 gates into the N-site state |𝚿⟩ , these layers are organized in a discrete time 

𝜽 in the form of 𝑶(𝐥𝐨𝐠𝑵) layers [65]. 

 

 

 2D PEPS in Figure 3.26: 

 

Figure 3.26: Projected Entangled-pair states (PEPS). In a 2D MERA, the width of a causal cone is 

bounded, layers of tensors work with 𝟑 ×  𝟑 sites (top right) mapped from 𝟑 ×  𝟑 sites (bottom left), 

these layers act along the y and x direction [65]. 

And TTN in Figure 3.27: 
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Figure 3.27: Tree Tensor Networks (TTN). M implements entanglement renormalization 

transformations when reversing the arrow of time 𝜽 because it is bounded width in the causal cone 

𝑪[𝒔] for site which makes the causal structure of a quantum circuit C is inherited by a MERA M [65]. 

Wherein the local observables' expectation value can be efficiently computed by tensor networks. 

A PEPS contains a much wider range of applications compared to a MPS and a TTN attached with 

a lower efficiency in obtaining local expectation values. This efficiency increases in a PEPS with 

an increase in a number of approximations. In this thesis, local expectation values can be computed 

exactly through MERA to encode D-dimensional lattice systems' quantum many-body states. 

MERA tensors are isometric in D 1 dimension, but for extra dimension according to successive 

applications in entanglement renormalization, it may be believed that parameterizing diverse 

length scales into a system or a particular time class of quantum calculations, which is essentially 

a lattice coarse-graining operation, is a prerequisite for quantum computing [67]. 

From emerging quantum phenomena are quasi-particle excitations, quantum phase transitions, and 

topological order, this is what MERA attempts to describe from preserving entanglement through 

entanglement renormalization with the following characteristics: 

a. Capacity to internalize symmetries naturally, like rescaling or translation invariance, 

resulting in significant benefits in processing efficiency. 

b. Adaptability to both the system's underlying lattice's local and global structure. 

c. intrinsic support for algebraically fading correlations and an entanglement area law. 

d. The network's contractibility efficiency, resulting in an accurate evaluation of local 

expectation values. 



 47 

In Figure 3.25, Quantum circuit C contains 2 𝑁 −  1 gates to treat state |0⟩
⨂𝑁

 as arranged into 

Ο(log𝑁) layers with discrete time labels θ to convert it to the N-site state |Ψ⟩ of a 1D lattice ℒ 

[1].  Assuming that N sites have D spatial dimensions to form a square lattice ℒ, where a complex 

vector space 𝕧 describes each site 𝑠 ∈  ℒ within finite dimension χ. Then the density matrix for 

site s can be produced by 𝜌[𝑠] = 𝑡𝑟𝑠(|Ψ⟩⟨Ψ|) while a pure state of lattice ℒ can be denoted by 

|Ψ⟩ ∈ 𝕧⨂𝑁. States |Ψ⟩ with depth of Θ ≡ 2 log2(𝑁) − 1 may be produced using a certain quantum 

circuit C. The one-dimensional state is illustrated in Figure 3.25 where both are labeled with the 

same index s where each one outgoing wire of C there is a compatible site in ℒ with it. 

The external wiring contains the set of gates and wires known as the causal cone 𝐶[𝑠] which of 

course may influence state 𝜌[𝑠], each causal cone 𝐶[𝑠] has bounded width, more precisely, there is 

the constant which is not altered by N for the number of wires in 𝐶[𝑠] within a time slice C𝜃
[𝑠]

. a 

discrete time with label θ ∈  {0, 1,· · ·, 𝛩}. Looking closely at Figure 3.25, it can be concluded that 

during any time θ there are any outgoing wire involves four wires at most, which was highlighted 

in Figure 3.26, while Figure 3.27 shows that the causal cone of outgoing wires within a given time 

θ comprise at most 3D in the D-dimensional case. More generally, when there is a quantum circuit 

C then a tensor network M is compatible with it and may be considered A MERA for |Ψ⟩ except 

for some minor changes. In the tensor network incoming wires in state |0⟩ are eliminated while a 

tensor of M results from each two-body unitary gate 𝓊 of C, so three types of tensors will be 

formed: 

i. the top tensor 𝑡 = 𝓊|0⟩|0⟩ of M is normalized to 1 and has two indices, 

(𝑡)𝜇𝜈 = (𝓊)𝜇𝜈
𝛼𝛽

|
𝛼,𝛽=0

 , ∑(𝑡∗)𝜇𝜈(𝑡)𝜇𝜈 = 1

𝜇𝜈

 

Equation 3.13: The top tensor of M with two indices. 

 (3.13) 

ii. Every second row of tensors is isometries 𝓌 = 𝓊|0⟩, 
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(𝓌)𝜇𝜈
𝛼 = (𝓊)𝜇𝜈

𝛼𝛽
|
𝛽=0

 , ∑(𝒲∗)𝜇𝜈
𝛼 (𝒲)𝜇𝜈

𝛼́ = 𝛿𝛼𝛼́

𝜇𝜈

 

Equation 3.14: Isometries 𝔀 in Every second row of TENSORS. 

 (3.14) 

iii. Unitary gates 𝓊 called disentanglers make up the rest of M's tensors, 

∑(𝓊∗)𝜇𝜈
𝛼𝛽(𝓊)𝜇𝜈

𝛼́𝛽́

𝜇𝜈

= 𝛿𝛼𝛼́𝛿𝛽𝛽́ 

Equation 3.15: Disentanglers of Unitary gates 𝓾 part 1. 

 (3.15) 

 

∑(𝓊∗)𝜇𝜈
𝛼𝛽(𝓊)

𝜇́𝜈́
𝛼𝛽

𝛼𝛽

= 𝛿𝜇𝜇́𝛿𝜈𝜈́ 

Equation 3.16: Disentanglers of Unitary gates 𝓾 part 2. 

 (3.16) 

According to equations (Equation 3.13, Equation 3.14, Equation 3.15 and Equation 3.16), the 

computational space grows linearly in the form of 𝛰(𝜒4Ν) to store M, the fact that each tensor 

depends on χ 4 parameters at most, with a number of 2𝑁 −  1 tensors. Thus, the tensor network 

within the dimensions 𝐷 +  1 becomes a component of MERA, which describes |Ψ⟩, according 

to certain properties that are summarized as follows: 

i. Each open wire s has a restricted width causal cone C[s] connected with one site of the 

underlying lattice ℒ. 

causing reduction in calculating cost of reduced density matrix in the case of a small number of 

lattices ℒ sites. 

ii. Equation 3.13 and Equation 3.14 or Equation 3.15 and Equation 3.16 are considered to be 

constraining tensors. 

The spatial dimension D of ℒ on which 𝒫1 and 𝒫2 depend as integer numbers; the lemmas will 

be a k-site reduced density matrix 𝜌[𝑠1···𝑠𝑘] where they can be easily extended. At the same time, 

they suggest that local observables, such as two -site correlators, have an expected value. 
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Lemma 1: The one-site density matrix 𝜌[𝑠] may be calculated in time 𝛰(𝜒𝒫1 log𝑁) using a MERA. 

Proof: The reduced density matrix 𝜎𝜃 can be constructed for each time slice 𝐶𝜃
[𝑠]

 of the causal cone 

𝐶[𝑠]. For 𝐷 =  1, as shown in Figure 3.28, 𝜎𝜃+1 may be produced from 𝜎𝜃 using a polynomial cost 

in χ and is independent of N. Finally, remember that 𝜌[𝑠] = 𝜎Θ and that Θ = 2 log2(𝑁) − 1 . 

 

Figure 3.28: MERA structure with Lemma 1 [65] 

(i) D = 1, calculate Part of the causal cone 𝑪[𝒔]  of 𝝆[𝒔] . 

(ii) through simple tensor multiplications it is possible to compute 𝜎2𝑘+1 from 𝜎2𝑘−1 using (iii) and (iv), 

where the calculation of 𝜌[𝑠] is very efficient. 

Lemma 2: The density matrix 𝜌𝑠1𝑠2 for two sites may be calculated in 𝛰(𝜒𝒫2 log𝑁) time. 

Proof: As shown in Figure 3.29, regardless of N the causal cone 𝐶𝑠1𝑠2 has logarithmic depth and 

width, as well as a reduced density matrix 𝜎𝜃+1 in order to time slice 𝐶𝜃+1
𝑠1𝑠2 may be generated at 

limited cost from for 𝐶𝜃
𝑠1𝑠2. 

 

Figure 3.29: MERA structure with Lemma 2 [65] 

(The left side): Causal cones 𝑪[𝒔𝟏𝒔𝟐] for a two-site density matrix 𝝆[𝒔𝟏𝒔𝟐]. 

(The right side): Causal cones 𝑪[𝑩𝒍]  for an l-site density matrix 𝝆[𝑩𝒍]. 
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Local observables, such as two-site correlators, can have their expected value determined 

efficiently from Equation 3.17 

𝐶2(𝑠1, 𝑠2) ≡ ⟨Ψ|𝐴𝑠1𝐵𝑠2|Ψ⟩ = 𝑡𝑟(𝜌𝑠1𝑠2𝐴𝑠1𝐵𝑠2) 

Equation 3.17: Expected value determined efficiently. 

 (3.17) 

𝛩 layers of unitary gates are used to transform a product state |0⟩
⨂𝑁

 into |Ψ⟩ by a quantum circuit 

C with the purpose of defining a MERA for |Ψ⟩. The non-trivial part of circuit C's state is 

represented by |Ψ𝜏⟩ at time 𝜃 =  𝛩 −  2𝜏, with |Ψ0⟩ ≡ |Ψ⟩. In a more precise sense one can 

consider the sequence of states {|Ψ0⟩ , |Ψ0⟩ , |Ψ0⟩ … } can interpretation of the MERA, considering 

the quantum evolution of C back in time. With M implements entanglement renormalization 

transformations, two layers of tensors can be applied with the aim of obtaining |Ψ𝜏+1⟩ from |Ψ𝜏⟩: 

a. First layer is built up of disentanglers which make the state |Ψ𝜏⟩ evolves into a less 

entangled case as state |Ψ́𝜏⟩. 

b. Second layer is built up of isometries which form (the state |Ψ𝜏+1⟩  of 𝑁𝜏 /2 wires) single 

wires (the state |Ψ́𝜏⟩ of 𝑁𝜏 wires) pairs of nearest neighbor wires where 𝑁 𝜏 = 2𝛩 −𝜏. 

This means that the so-called entanglement renormalization, or what is also known as the real 

space coarse graining, where a certain class of it is implemented by M [68]. To create a series of 

coarse-grained lattices {ℒ0, ℒ1, ℒ2, . . . } and effective Hamiltonians {𝐻0,𝐻1,𝐻2, . . . }, it is 

necessary to transform a lattice’s sites ℒ0 ≡ ℒ and operators defined on ℒ like Hamiltonian 𝐻0, 

certainly using the MERA. the operator contained into a causal cone C [s] is mapped. when mapped 

into ℒ𝜏, 1 ≤  𝜏 ≤  log2(𝑁) −  1, the local operators into ℒ remain local as defined on site 𝑠 ∈  ℒ. 

With 𝑂(2𝜏) sites in ℒ of a D-dimensional hypercube one site in ℒ𝜏 is obtained. Since the foregoing, 

at length scales greater than 2𝜏 /𝐷, |Ψ𝜏⟩ can be comprehended as preserving |Ψ⟩'s structure. In a 

1D lattice a MERA can encode accurate approximations to a quantum critical system's ground 

state in a far more efficient method than an MPS [68] , 𝜒𝑀𝑃𝑆 terms in the Schmidt decomposition 

provide for correlations between the right and left chain’s halves in an MPS. In the Schmidt 

decomposition, MERA may account for around 2𝜒 log2 𝑁  terms. As a result, the state saved with 

MERA of 𝜒−𝑙𝑒𝑣𝑒𝑙 wires and requires an MPS with 𝜒𝑀𝑃𝑆 = 2𝜒 log2 𝑁  [65]. 
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For finding entanglement entropy 𝑆(𝜌[𝐵𝑙]  ) of the block 𝐵𝑙 of 𝑙, as well as the distance r between 

2 sites s1 and s2, a power-law (illustrated by 𝑙𝑜𝑔 𝑙) shows the correlators 𝐶2(𝑠1, 𝑠2) decay with the 

distance r between those sites, as well as adjacent sites scales [69]–[71]. After 𝑂(𝑙𝑜𝑔 𝑟) 

transformations shown in left side of Figure 3.29 (the λ-shaped causal cone 𝐶[𝑠1,𝑠2] ), 𝜌[𝑠1,𝑠2] is 

obtained after taking into account a sequence of density matrices {𝜌𝜏́, . . . ,  𝜌2,  𝜌1, 𝜌
[𝑠1,𝑠2]} 

considering 𝜏  ≈  𝐷 log2 𝑟 in the density matrix 𝜌𝜏 corresponding to a hypercube of ℒ𝜏’s 4D sites 

for the purpose of calculating 𝜌[𝑠1,𝑠2]. A power-law scaling for 𝐶2(𝑠1, 𝑠2) can be obtained with a 

constant factor 𝑧 <  1 causing these transformations reduces correlation. 

𝐶2(𝑠1, 𝑠2) ≈ 𝓏log 𝑟 = 𝑟−𝑞 ,        𝑞 = log
1

𝓏
 

Equation 3.18: Power-law scaling [66]. 

 (3.18) 

Through a path of length 𝑂(log 𝑟)  in M, at a distance r there two sites are connected in ℒ to 

describe states which makes MERA ideal for quasi-long-range order. The causal cone of 𝐵𝑙 

considering the entropy 𝑆(𝜌[𝐵𝑙]  )  and shrinks exponentially fast with τ for the density matrix 𝜌[𝐵𝑙] 

of a hypercube 𝐵𝑙 made of l-D sites [65]. While the right side of Figure 3.29 computes 𝜌[𝐵𝑙] of 

𝜏́  ≈  𝐷 log2 𝑙 from the density matrix 𝜂𝜏 and through a sequence of density matrices {𝜂𝜏,· ·

 , 𝜂1, 𝜌
[𝐵𝑙]} for a hypercube made of (at most) 4D sites of lattice ℒ𝜏. Applying a layer of isometries 

to get Density matrix 𝜂𝜏 from 𝜂𝜏+1, as well as applying a disentangler layer which have no effect 

on entropy of 𝜂𝜏+1 as well as tracing out 𝑛𝜏 =  𝑂(2(𝜏−𝜏)(𝐷−1) /𝐷)) boundary sites, following one 

of them increases the entropy by at most log2(𝜒)  bits, which leads to an increase in total at most 

𝑛𝜏log2(𝜒) bits after an increase in entropy ∆𝑆𝜏, and this in turn achieves the entropy of 𝜌[𝐵𝑙] [65]. 

𝑆(𝜌(𝐵𝑙)) − 𝑆(𝜂𝜏) = ∑∆𝑆𝜏

𝜏

𝜏=1

≤ log2(𝜒) ∑𝑛𝜏

𝜏

𝜏=1

 

Equation 3.19: The entropy achieving, at most 𝟒𝑫  𝐥𝐨𝐠𝟐(𝝌) acts 𝑺(𝜼𝝉) [65]. 

 (3.19) 

The number of dimensions must be checked for MERA, first case when D = 1, the constant sets 

the traced number of sites 𝑛𝜏 for any 𝜏, 1 ≤  𝜏 ≤  𝜏  =  𝑂(𝑙𝑜𝑔 𝑙). 
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𝑆(𝜌{𝑙}) − 𝑆(𝜂𝜏) ≤ log2(𝜒) 𝑐𝜏 = 𝑂(log 𝑙) 

Equation 3.20: The number of dimensions utilizing MERA in first case [66]. 

 (3.20) 

The second case, when 𝐷 >  1, and by the contribution from small 𝜏 results in the upper bound 

for the 𝑆(𝜌(𝐵𝑙)) being dominated, and as a result the 𝑛𝜏 decays exponentially with 𝜏. 

𝑆(𝜌[𝐵𝑙]) − 𝑆(𝜂𝜏) ≤ 𝑙𝑜𝑔2(𝜒) ∑2
(𝜏−𝜏)

𝐷−1
𝐷

𝜏

𝜏=1

≈ log2(𝜒) 2𝜏
𝐷−1
𝐷

≈ log2(𝜒) 2𝐷 log2(𝑙)
𝐷−1
𝐷 = log2(𝜒) 𝑙𝐷−1 

Equation 3.21: The number of dimensions utilizing MERA in second case, this 

means that according to a boundary law 𝑺[𝑩𝒍]   ≈  𝒍𝑫−𝟏  that block 

entanglement at 𝑫 >  𝟏 can be supported by MERA [65]. 

 (3.21) 

G. Vidal has demonstrated in his paper that Computational benefits can be achieved by tailoring 

the MERA to the details of a task where throughout M, the amount of levels χ might change 

especially since The MERA can be used to assimilate the symmetries of |Ψ⟩ where a specific 

MERA can be constructed in dimensions 𝐷 =  2 as an example to depict triangular lattice states, 

or to account for the boundary conditions' varieties, or of a lattice with bulk defects, linear or 

random vacancies [65]. 

The MERA is only dependent on roughly 𝜒4  log2(𝑁) parameters if in case a layer of M that all 

the tensors in are selected to be identical, so, with periodic boundary conditions in the system, 

cyclic shifts by one lattice site occur, when |Ψ⟩ is invariant during translations, more significant 

improvements are gained. More precisely, because of the internal symmetry, the tensor in M has 

a sequence of restrictions that are based on fewer parameters. However, even in an infinite lattice, 

The states that are not affected by entanglement renormalization transformations are the ones that 

save the most substantial [65], [68]. In this case, all tensors into M are identical, and MERA is 

only dependent over 𝑂(𝜒4 ) parameters. A MERA's potential is not limited to the portrayal of 

individual states but it has the ability to produce an endless number of entangled states |Ψ{𝜙𝑟}⟩, by 
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sending the state ⨂𝑟
𝑁 = 1 |𝜙𝑟

[𝑟]
⟩ to the incoming wires r of quantum circuit C instead of ⨂𝑟

𝑁 =

1|0[𝑟]⟩, all of them are represented by a MERA with just the isometric tensors differing. that fulfill. 

⟨Ψ{𝜙𝑟}|Ψ{𝜙𝑟
́ }⟩ = ∏⟨𝜙𝑟

[𝑟]
|𝜙́𝑟

[𝑟]
⟩

𝑟

 

Equation 3.22: Encode quasi-particle excitations in only one (generalized) MERA 

[66]. 

 (3.22) 

3.8 DECODING FOR TOPOLOGICAL CODES WITH NEURAL-

NETWORKS 

One of the most important computational problems faced by generic stabilizer codes is Finding 

optimal correction of errors regardless of the complexity of noise models and developing effective 

and efficient decoders is still a challenging task despite using some structure to simplify this 

encoder. Feedforward neural network decoders are a type of decoder that can be adopted in the 

methodology of this thesis. Because neural networks do not need previous knowledge of the 

underlying noise model, they simplify the process of constructing high-performing decoders [72]. 

Logical information is encoded into quantum error-correcting codes to be protected [73]. Without 

changing the encoded information, stabilizer operators be measured utilizing Stabilizer codes, 

making them one of the most effective quantum code types. Then it implements a recovery 

operation for the purpose of correct errors [74], followed by an application of a decoder algorithm, 

which is a classical algorithm to deal with the available classical data for finding an appropriate 

correction. Computationally, the noises generated in the models make it difficult to obtain optimal 

decoding of generic stabilizer codes [75]. For example, stabilizer generators are geometrically 

local for topological stabilizer codes where they return -1 indicating errors' presence on some 

qubits into their neighborhood when they get an unsatisfied stabilizer as an outcome. Accordingly, 

If the encryption has any structure, decoding becomes more tractable [76]–[80]. Many decoding 

techniques have been developed, including tensor networks [81], [82], Minimum-Weight Perfect 

Matching algorithm [83]–[85], and cellular automata [86]–[88]. Decoding strategies in Taylor-

made is done in two-step: 
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i. step 1: finding a Pauli operator for unsatisfied stabilizers, this function returns corruptly 

encoded data to code space. In the end, all stabilizers do but the attempted Pauli correction, 

which could have resulted in a non-trivial logical operator when combined with the initial 

error. 

ii. Step 2: A non-trivial logical operator would probably have been introduced upon the first step 

to be determined by a feedforward neural network for the purpose of account the recovery. 

Where this step is a classification problem that fits machine learning well. 

In the future, neural-network decoding might be applied in a variety of small-scale quantum 

devices being a promising error-correction method because due to its adaptability, especially if the 

most common errors’ sources aren’t adequately defined. where the training costs and neural 

network parameters scale as the coding distance increases. 

M. Nishad et al. in [72] introduce a different concept of an effective error rate that makes simple 

comparing various noise models into threshold error rates. Also, they argue about how neural 

decoding works in different noise models, like linked de-polarizing noise. The approach of training 

deep neural networks is anticipated to have a substantial influence, as it may result in faster 

convergence and enhanced neural network ultimate performance in quantum error correction 

applications. 

3.8.1 Topological Codes For Error Correction 

3.8.1.1 Topological Stabilizer Codes 

A stabilizer group S determines quantum error-correcting codes, due to the relevance of stabilizer 

codes [73]. When where 𝑃𝑖 ∈ {𝐼, 𝑋, 𝑌, 𝑍} where −𝐼 ∉ 𝑆, the n-qubit Pauli operators 𝑃1  ⨂… 𝑃𝑛 are 

used to construct the Pauli group one of whose subgroups is the stabilizer group S. All the elements 

of S are encoded as the (+1)-eigenspace in the code space. Logical Pauli operators 𝐿 ∈ ℒ are put 

to use in the Pauli grouping of normalizer S components that are unique to the S-stabilizer. Pauli 

𝐿 ≠ 𝐼 is a non-trivial logical operator implemented by the operator L to be the product of Pauli 

operators, where the product does not belong to the S-group and instead commutes with the 

stabilizer group. It's important to keep in mind that the distance between two codes is using non-

trivial logical weight of minimal-support Operator Pauli. The stabilizer code's physical qubits may 
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be affected by noise if the latter moves the region of the code space containing the encoded logical 

information to the perimeter of the code. Because the corresponding original encoded state cannot 

be detected by monitoring stabilizer generators, the projection of system flaws onto certain Pauli 

operators provides some insight into the nature of those flaws. −1 measurement outcome is 

returned by a collection of unsatisfied stabilizers which called a syndrome, A decoding algorithm 

utilizes syndrome like classical input. A recovery Pauli operator may be found using a decoding 

algorithm, this adds to the corrupted encoded state being returned to code space. In this analysis, 

we focus on a subset of stabilizer codes known as CSS codes used in the final product of either Z-

type syndrome Pauli operators or X-type syndrome Pauli operators in an appropriate manner for 

correcting X-type errors and Z-type errors independently [89]. As a distinguishing property, 

topological stabilizer codes' generators demonstrate extremely strong noise resistance [76]–[80]. 

By putting physical qubits into a lattice in parallel, each stabilizer generator may be kept at a fixed 

number of qubits within a geometrically limited local area, Since it is impossible to apply the 

unitary operating logic of the Pauli operator to local physical qubits, Consequently, there is no 

longer any need Modify the level of measurement complexity needed for local stabilizers in order 

to attempt to increase error-correction capabilities and distance of topological code during system 

expansion. An example about a topological stabilizer code is as follows: 

a. A triangular toric code. 

b. A triangular color code. 

In the first example, Figure 3.30 (a) illustrates on a two-dimensional lattice with a border, The 

triangle color code has been established, its facets 𝑓 ∈  𝐹 are 3-colorable and whose vertices are 

3-valent. Vertices are used to identify qubits. The color code represents a CSS code, where a CSS 

code stabilizer group can be represented as follows: 

𝑆𝐶𝐶 = 〈𝑋𝑓, 𝑍𝑓\𝑓 ∈ 𝐹〉 

Equation 3.23: CSS code stabilizer group [73]. 

 (3.25) 

To utilizing the Z-type and X-type syndrome, independently Z-type and X-type errors can be 

improved due to support for 𝑋𝑓 and 𝑍𝑓 are Z operators and Pauli X over all qubits belonging to 

face 𝑓 ∈  𝐹 [72]. 
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Figure 3.30: 2D triangular color and toric code [72]. 

In the second example,  with the equivalent physical qubit arrangement of a triangle color code, the 

triangular toric code may be defined with a twist. [90]. Figure 3.30 (b) illustrates its lattice may be 

produced by adding extra edges, preserving all the vertices, as well as changing certain faces from 

color-code lattice. With exception of faces alongside 1D defect line which called "mixed", a 

resultant lattice is faces are 2-colorable and 4-valent. Z-type 𝑍𝑔 stabilizers and X-type 𝑋𝑓 are 

supported with white 𝑔 ∈  𝐹𝑊 and dark 𝑓 ∈  𝐹𝐷 faces indicating the stabilizer generator type 

associated to that face. The products of X-Pauli operators and Z-Pauli operators can be mixed based 

on coloring of mixed faces ℎ ∈  𝐹𝑀 so that 𝑆ℎ stabilizers are defined. Whereas, to move with 𝑋𝑓 

and 𝑍𝑔 for all 𝑓 ∈  𝐹𝐷 , 𝑔 ∈ 𝐹𝑊 , ℎ ∈  𝐹𝑀, it is necessary for the stabilizers to be achieved along 

the defect line, the choice of mixed stabilizer generators. The full stabilizer group can be achieved 

with the Equation 3.24: 

𝑆𝑇𝐶 = 〈𝑋𝑓 , 𝑍𝑔, 𝑆ℎ\𝑓 ∈ 𝐹𝐷 , 𝑔 ∈ 𝐹𝑊 , ℎ ∈ 𝐹𝑀〉 

Equation 3.24: The full stabilizer group achieving [73]. 

 (3.26) 

Due to the use of combined stabilizer generators, it is not possible to perform independent decoding 

of X and Z faults. Deformable non-contractible 1D string-like operators may be thought of as the 

logical Pauli operators in 2D topological stabilizer codes.  Figure 3.30 shows how the logical 

operators are delimited by boundaries in both toric codes and triangular color. 

(a)  A hexagonal lattice patch with 3-colorable faces and 3-valent vertices has 

a 2D triangular color code. Both X- and Z- stabilizers have been supported by 

every face.  a logical X operator has been implemented by the string of Pauli 

X- operators (orange⊗) as same as a logical Z- operator has been implemented 

by the string of Pauli Z- operators (yellow⊕), both of them connect all three 

boundaries. 

(b)  2D triangular toric code with a twist. X- and Z- stabilizers are supported 

by dark and white faces, respectively. Stabilizers Pauli X and Pauli Z are 

mixed products based on the coloring of mixed dark/white faces along a 1D 

defect line (dashed line). Two comparable representations of a logical Z 

operator are shown by red and blue strings. The string transforms from X-type 

(blue⊗) to Z-type (blue⊕) as it crosses the defect line. 
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3.8.1.2 Quasiparticle Excitations 

The commuting Hamiltonians explain the construction of a correlation between quantum error-

correcting codes and quantum many-body systems. A commuting stabilizer Hamiltonian H(S) is 

determined by group S. Both the stabilizer Hamiltonian of the color code and the stabilizer 

Hamiltonian of the toric code are selected with a twist: the sum of the stabilizer generators of S is 

given a negative sign as follows: 

𝐻𝐶𝐶 = −∑𝑋𝑓

𝑓∈𝐹

− ∑𝑍𝑓

𝑓∈𝐹

 

Equation 3.25: The color code’ stabilizer Hamiltonian with a twist [73]. 

 (3.27) 

 

𝐻𝑇𝐶 = − ∑ 𝑋𝑓

𝑓∈𝐹𝐷

− ∑ 𝑍𝑔

𝑔∈𝐹𝑊

− ∑ 𝑆ℎ

ℎ∈𝐹𝑀

 

Equation 3.26: The toric code' stabilizer Hamiltonian with a twist [73]. 

 (3.28) 

Due to mutual commuting for all terms in the Hamiltonian H of the stabilizer (S), every eigenstate 

of a term must also be an eigenstate of H(S), (1)-eigenspace is the code space specified for each 

he ground space of H(S) that coincides with the elements of S considering that stabilizer generator 

eigenstates can only have ±1eigen value. A localized quasiparticle excitation is one consequence 

of the error information contained when taking into account any anticommuting Pauli fault with 

specific stabilizer generators in the related quantum many-body system. The encoded logical state 

(ground state) is moved outside code space (the ground space) by the error. The number of violated 

stabilizers would lead to an excited state whose energy is proportional to the number of stabilizers 

that were initially in place when it is greater than the ground space energy. Hamiltonian 

expressions (quasiparticle excitations identify as the unsatisfied stabilizer terms) [76], [91]–[93]. 
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Figure 3.31: Excitations of quasiparticles in 2D triangular color codes and triangular toric codes [72]. 

Assuming that the excitation is supported by the color of the face which will be indicated by the 

symbol K does not represent the excitation electric, 𝑚𝐾 denotes the excitation magnetic field, 

which is determined by whether the unmet stabilizer is of the Z-type or X-type. On the other hand, 

faces of any color are supported by the color code excitations i.e., 𝑚𝐾and 𝑒𝐾 for any 𝐾 ∈  {𝑅, 𝐺, 𝐵} 

because there are only 𝑒𝐷 and 𝑚𝑊 in the toric code. Local Pauli operators can create excitations 

geometrically, so it is necessary to understand the configurations of these excitations (fusion rules 

for topological stabilizer codes) that result from any Pauli errors and how to combine them.  

Figure 3.31(b) shows creating two excitations (magnetic or electric) of the same type in the toric 

code on the qubit, a Pauli Z-error or Paul X-error on a single qubit violates two X-type stabilizers 

or two Z-type stabilizers in the bulk of the system on faces absolutely. More precisely, there is no 

excitation at the location where independently created the same excitation on a face 𝑓 ∈  𝐹 by two 

errors with non-overlapping support. It’s worth noting that 1 means there's no excitement in the 

toric code fusion rules is detailed in the excitation’s equation of the same kind in the bulk only 

being created using geometrically local operators or destroyed in pairs, according to Equation 3.27: 

(a) In the bulk of the color code: The three unsatisfied Z- stabilizers on 

neighboring faces are magnetic excitations (red, green, and blue⊠1) are 

created by a single X- error (white⊗1), while a pair of magnetic 

excitations (red⊠2) are created by a string of X-errors (white⊗2), finally 

a single electric excitation (blue⊠3) is created by a string of Z-errors 

(white⊕3).   

(b) In the bulk of the toric code: the twist two unsatisfied X-stabilizers on 

neighboring dark faces are a pair of electric excitations (gray⊠1) are 

created by   a single Z-error(white⊕1), while a single magnetic excitation 

(white⊠2) on the rough boundary creates is created by a single X-error 

(white⊗2), finally a string of errors(white⊗3and⊗3) can create a pair 

of electric (gray⊠3) and magnetic (white⊠3) across the defect line 

(dashed line). 
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𝑒𝐷 × 𝑒𝐷 = 𝑚𝑊 × 𝑚𝑊 = 1 

Equation 3.27: The excitation’s equation of the same kind using geometrically local 

operators or destroyed in pairs [73]. 

 (3.29) 

Figure 3.31 (a) shows the fusion rules for the color code. By the way, the fusion rules’ equation of 

the color code is a complex comparing with its counterpart as shown by the Equation 3.28 and 

Equation 3.29: 

𝑒𝐾 × 𝑒𝐾 = 𝑚𝐾 × 𝑚𝐾 = 1 , 𝐾 ∈  {𝑅, 𝐺, 𝐵} 

Equation 3.28: The fusion rules’ equation of the color code part 1 [73]. 

 (3.30) 

 

𝑒𝑅 × 𝑒𝐺 × 𝑒𝐵 = 𝑚𝑅 × 𝑚𝐺 × 𝑚𝐵 = 1 

Equation 3.29: The fusion rules’ equation of the color code part 2 [73]. 

 (3.31) 

Figure 3.31 (a) clearly demonstrates that the color code does not elicit any excitement, unlike the 

case When using a toric code, this occurs when two effects that are identical in both type and color 

are combined. Triple excitations may be created (through the local operator) or destroyed in a 

manner analogous to the toric code when the Pauli Z-error or Pauli X-error of a single qubit is 

taken into account. Once three adjacent faces (X- or Z-type stabilizers) have been worn down by 

an X-error, a magnetics' triple or an electric excitations' triple is generated. It is possible to create 

or destroy a single electric or magnetic excitation after determining the topological stabilizer codes 

to be considered on bordered lattices by operating with on the qubits at the boundary of the system 

a local Pauli operator, where the type of permissible excitation is controlled by the type of border 

[94]. Only at the limits of the triangular toric code [77] can a single electric excitation or single 

magnetic excitation be created, as shown in Figure 3.31 (b). In contrast to what is shown in Figure 

3.31 (a), a single electric excitation may result in the production of magnetic excitations of the 

corresponding color [78]. The existence of red, green, or blue borders in the triangle color code is 

indicative of this. According to the fusion rules, a quasiparticle excitation cannot change type until 

it passes through a defect line (a transparent do main wall) produced by proper adjustment along 

the stabilizer generators, and this movement along a route is defined as an excitation changing its 

location after forming excitations' pairs in that direction and fusing them with the starting path 
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[95]. Finally, as shown in Figure 3.30 (b), for the mixed products of Pauli X and Z operators at a 

twist point in the triangular toric code, stabilizers on faces must be chosen that are in intersection 

with the defect line, which is the crossing boundary at which it turns (electric\magnetic excitation 

𝑒𝐷 ↔ 𝑚𝑊) and vice versa. Figure 3.30 shows a single excitation can be created by executing an 

appropriate 1D string-like logical Pauli operators over one of the boundaries, where it is relocated 

into the 2D topological stabilizer code's bulk to the other boundary where it can annihilate [96]. 

3.8.1.3 Topological Code Decoding As A Classification Issue 

It has been noted that some unsatisfied stabilizers are configured when encoded information is 

moved outside of the code space due to general errors. For stabilizer codes, all installers are 

restored after a suitable recovery is found by the classical algorithm when its input is Syndrome 

with a yield +1 measurement outcome as the decoder whose success depends on recovery 

combined with error given that a Pauli operator is the recovery operator in the state of not 

performing any non-trivial logical operator. Decoding may be viewed of as a procedure that 

removes quasi-particle excitations from the system before returning it to the stabilizer 

Hamiltonian's ground space. In order to clarify the work of the decoding of topological codes, the 

following questions must be answered: What happens at the topological stabilizer code's lattice? 

How can the excitations move in order to remove them? 

Figure 3.32 represents an excitation graph 𝐺 =  (𝑉, 𝐸) as an attempt to answer the above 

questions, which owns the vertices V for the quasiparticle excitations, or at least for the possible 

places thereof, where each electric as well as magnetic excitation has its own vertex. 

Assuming In  two types, the color and toric codes, there is local Pauli operator 𝑃𝑣1,𝑣2
 for two 

different vertices 𝑣1, 𝑣2 where an edges {𝑣1, 𝑣2} is identified in 𝐸: {𝑣1, 𝑣2}  ∈ 𝐸 is working on 

(𝑣1, 𝑣2 ∈ 𝑉 \ the special boundary vertex {𝑤}), over one or two nearby qubits, local operators are 

supported respectively, then an excitation can be moved from 𝑣1 to 𝑣2 by geometrically local 

support without creating any other excitations. If a single excitation at 𝑣 can be formed locally, 

then an edge {𝑣, 𝑤} can connect the boundary vertex w and 𝑣 ∈ 𝑉\{𝑤}. 
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Figure 3.32: An excitation graph 𝑮 =  (𝑽,𝑬)  for both toric and color with twist code. The topological 

code lattice's face 𝒇 with the vertices set 𝑽 of 𝑮, and the boundary vertex 𝒘 into 𝑽 [72]. 

The quasiparticle excitations from the toric and color codes can be eliminated efficiently using the 

excitation removal algorithm, which can be simplified as follows: 

Table 3.3: Using the excitation removal algorithm to convert the decoding problem to a classification 

problem [73]. 

  Algorithm 1: excitation removal 

Require: the excitation graph 𝐺 =  (𝑉, 𝐸) 

Input: positions 𝑈 ⊂ 𝑉\{𝑤} of excitations 

Output: Pauli operator 𝑅𝑈 removing all excitations  

initialize    𝑅𝑈 ← 𝐼  

for every 𝑢 ∈ 𝑈: 

1.  find the shortest path (𝑣1, 𝑣2, . . . , 𝑣𝑛)  in 𝐺 between  

𝑢 = 𝑣1 and the boundary vertex 𝑤 = 𝑣𝑛 

2. find an operator 𝑃𝑢 = 𝑃𝑣1,𝑣2
, … , 𝑃𝑣𝑛−1,𝑣𝑛

  

corresponding to the path (𝑣1, 𝑣2, . . . , 𝑣𝑛) 

3. 𝑅𝑈←𝑅𝑈𝑃𝑢 

return 𝑅𝑈 

A single-qubit operator cannot move a single excitation 

in the bulk of the system without causing other 

excitations, but an excitation may be moved between 

two nearby faces 𝑓 and 𝑔 of the same color by a single-

qubit Pauli X-error or Z-error. Thus, between 𝑣𝑓 and 𝑣𝑔, 

an edge 𝑣𝑓 , 𝑣𝑔 can be added to the collection of edges 𝐸 

of 𝐺. the single- qubit or two-qubit operator connects 

vertex 𝑣𝑓 with the boundary vertex 𝑤 to generate a 

single excitation on 𝑓. 
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The algorithm takes 𝑈 as input, but not 𝑄 which represents some Pauli error operator to create the 

excitation 𝑈 ⊂ 𝑉\{𝑤} in the system considering there is a path (𝑣1, 𝑣2, . . . , 𝑣𝑛) between 𝑢 = 𝑣1 and 

the boundary vertex 𝑤 = 𝑣𝑛 within the excitation graph 𝐺, where there is excitation 𝑢 ∈ 𝑈 where 

𝑣𝑖 ∈ 𝑉 and the edges{𝑣𝑖, 𝑣𝑖+1} ∈ 𝐸. By which along the given path the local Pauli operators 𝑃𝑣𝑖,𝑣𝑖+1
 

is defined which in turn produces an operator 𝑃𝑢 = ∏ 𝑃𝑣𝑖,𝑣𝑖+1

𝑛−1
𝑖=1  which transfers the excitation from 

u into it’s the annihilate in a boundary. The state has been returned to the ground space by an 

operator 𝑅𝑈 = ∏ 𝑃𝑢𝑢∈𝑈  which represents the output of the algorithm after all the excitations have 

been removed, thus 𝑅𝑈𝑄 ∈ ℒ. It is likely that a decoder algorithm would perform rather poorly in 

the case of the implementation of some non-trivial logical operator with the initial error 𝑄 by the 

output 𝑅𝑈 combined. The task of the excitation removal algorithm is to transform the excitation 

problem from decoding to classification, by assigning a small set of labels to a high-dimensional 

dataset's elements. Where positions 𝑈 ⊂ 𝑉\{𝑤} of the excitations are defined in order to 

implement the trivial logical operator (Pauli operator 𝑄) after removing all the excitations (the 

excitation configuration 𝑈 generated by 𝑄) ultimately producing the operator 𝑅𝑈. 

A recovery operator 𝑅𝑈𝐿 choosing to get a logical operator 𝐿 ∈ ℒ had implemented by operator 𝐿 

to act 𝑅𝑈𝑄. The most likely equivalence errors' class creating 𝑈 can be found after efficiently 

decode, 𝑅𝑈𝑄 splits error operators 𝑄 to classes of equivalence designated by distinct logical 

operators 𝐿 provided using 𝑅𝑈𝑄. The method achievement is to use the logical operator 𝐿 to label 

𝑈, where 𝐿 is implemented by the excitation removal algorithm's output 𝑅𝑈 as well as any operator 

𝑄 from the most probable errors’ class. Machine learning techniques, particularly artificial neural 

networks, are well-suited to such a challenge. 

3.8.2 Performance Of Neural-Network Decoding 

3.8.2.1 Neural Decoders 

Decoding is successful if it solves the following problem: 

𝑅𝑈𝑄 executes the logical operator 𝐿 labeled from the set of logical operators ℒ and assigned by 

some unknown Pauli operator 𝑄 for any configuration of excitations 𝑈 ⊂ 𝑉\{𝑤} for algorithm 

input 𝑈 and output 𝑅𝑈. After the excitation removal algorithm transforms the excitation problem 
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from decoding to classification, using the feedforward neural networks technology becomes an 

appropriate approach to dealing with the classification problem. The input layer and output layer 

make up neural networks, with the hidden layer in between. As shown in, 𝐻𝑑  +  2 layers of a 

neural network will be training for the distance code 𝑑, with suppose the configuration of 

excitations 𝑈 as input layer encodes and, each of hidden layers 𝐻𝑑 consist of 𝑁𝑑 nodes fully 

connected with nodes 𝜈 from next hidden layer which evaluates an activation function 𝜎(𝑤𝜈 · 𝑜𝑙 +

 𝑏𝜈) on the output 𝑜𝑙 of nodes from the previous layer as well as associate the weights 𝑤𝜈 and the 

biases 𝑏𝜈 where  𝜎(𝑥) =  𝑚𝑎𝑥(0, 𝑥 ) has been selected as the rectified linear unit activation 

function. And finally, The SoftMax classifier is used in the output layer to convert an output vector 

to a discrete probability distribution in order to characterize the chance of distinct logical operators 

𝐿 ∈ ℒ being implemented using 𝑅𝑈𝑄. 

 

Figure 3.33: The input layer where all of the initial excitation configuration 𝑼 ⊂ 𝑽\{𝒘}  is encoded and 

the output where the probability of each logical operator 𝑳 ∈ {𝑰,𝑿, 𝒀, 𝒁} assigned to the input 

configuration 𝑼, also 𝑯𝒅 =  𝟑 hidden layers equal number of nodes 𝑵𝒅 in a feedforward neural network 

where each hidden layer node is fully connected with all subsequent hidden layer nodes [72]. 

Some unknown operators 𝑄 create a configuration of excitations 𝑈 ⊂ 𝑉\{𝑤} that we aim to 

retrieve or a recovery operator 𝑅 using a neural decoder algorithm given that some a priori 

unknown noise models determine the selection error operators 𝑄. 

The mechanism of action of the neural decoder can be summarized in two steps: 
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                                                                                          Table 3.4: Neural decoder algorithm [73]. 

i. The excitation removal algorithm is used 

to remove quasiparticle excitations that 

result in 𝑅𝑈 recovery operator. 

ii. guess the most likely errors 𝑄 resulting 

from: 

a. 𝑈. or 

b. logical operator 𝐿 which will be 

executed later using 𝑅𝑈𝑄. This is 

using a neural network where the 

output will be operator 𝑅𝑈𝐿 embedded in R where the logical operator 𝐿 implements 

𝐿. 

The attributes of the neural decoder 

i. The neural network successfully recognizes the 𝑅𝑈𝑄 which implements logical operator L.  

ii. The neural decoder reduces to matrix multiplication, so the output of the trained neural 

network was determined efficiently. 

iii. For training the neural network in step2, no knowledge of topological coding is required 

because information about fusion rules and topological code lattice is included in the 

excitation graph in step1. 

Supervised learning is used to train a neural network on a dataset of pre-classified samples before 

use. The noise model defines the probability distribution for the Monte Carlo sampling used to 

generate the Sample Pauli errors. The excitation configuration 𝑈 ⊂ 𝑉\{𝑤} is input to neural 

network wherein corresponding syndrome is specified for each generated error configuration 𝑄, 

followed by finding the Pauli operator 𝑅𝑈 using the excitation removal algorithm in order to 

specify the logical operator 𝐿 to be executed by 𝑅𝑈𝑄 causing the output to have assigned a logical 

operator 𝐿 to each input excitation configuration 𝑈 from logical operators’ set ℒ. 

       Algorithm 2: neural decoder 

Require: excitation removal algorithm, trained neural 

network  

Input: locations of excitations 𝑈 ⊂ 𝑉\{𝑤} created by 

some unknown operator 𝑄  

Output: recovery operator 𝑅  

using the excitation removal algorithm with 𝑈 as the 

input, find an operator 𝑅𝑈  

using the neural network with 𝑈 as the input, find the 

logical operator 𝐿 implemented by 𝑅𝑈𝑄 

𝑅 ← 𝑅𝑈𝐿 , where 𝐿 is any operator implementing 𝐿  

return 𝑅 
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4. THE EXPERIMENTS 

4.1 INTRODUCTION 

High-performance quantum circuit simulators are made possible by the open-source library of 

rapid prototyping included in the TensorFlow Quantum (TFQ) supplied by the TensorFlow 

framework. This library may be used with either classical or quantum data inside hybrid quantum 

models. The researcher aspires to provide an overview of the building blocks and the software 

architecture by simplifying the hybrid quantum-classical neural networks’ theory via supervised 

learning utilized in the Convolutional Neural Network Hybrid Quantum-Classical Classifier as a 

BASIC QUANTUM APPLICATIONS to replicate and expand the previous quantum machine 

learning achievements in the second-generation using the various features of the TFQ due to in 

contrast to the first generation, Noisy Intermediate-Scale Quantum (NISQ) processors are 

emergence more widely available [20], which depended on increasing the area of the state 

exponentially with the number of qubits while performing fast linear algebra on it [20], [21], [97], 

in addition, the researcher shows how to use the TFQ to solve sophisticated quantum learning 

problems including reinforcement learning, generative adversarial networks, classification of 

quantum phase transitions, varying quantum eigen-solvers, sampling thermal states, Hamiltonian 

learning, layer wise learning and meta-learning. Information hidden within a data set can be 

extracted by means of algorithms and statistical models that are built with machine learning (ML). 

The same basic probability distribution of unseen data is utilized to generate predictions through 

learning a model from a dataset, and because of the abundance of data and computational resources 

provided by the inference method, it is dominant over other methods [98]. The suitability of the 

model to the data set is determined by reducing the function of the outputs of the model, which is 

set by adjusting the parameters of the layers constituting the networks representing the data set 

under the term loss function within the deep learning method [99]. It is difficult for classical 

devices to simulate quantum systems because of the entanglement and superposition that occurs 

in these systems, which are described by generalizing probability theory and this is the essence of 

the working principle of quantum computing [100]. 

First, the data must be transformed into a quantum state in order to apply appropriate machine 

learning algorithms to classical data [101], unlike the quantum machine learning's first-generation 
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which depended on increasing the area of the state exponentially with the number of qubits while 

performing fast linear algebra on it. In contrast to the first-generation, the second-generation (a 

research area of this thesis) is Quantum Machine Learning utilizes its new algorithms called 

parameterized quantum circuits (PQCs) or Quantum Convolutional Neural Networks (QCNNs) 

[23], [102] similar to classical deep learning algorithms. In order to optimize the parameters of a 

QNN in connection to a cost function, these novel algorithms learn the representation of the 

training data and use either gradient-based approaches [36] or black-box optimization heuristics 

[103]. Quantum computing is enhancing essential indicators of learning performance, such as 

representation capacity, training efficiency, and Generalization power, which NISQ processors 

will require to function in concert with conventional coprocessors that will be integrated with co-

parameter quantum circuits. Among the ways to utilize outer-loop optimizers for QNNs to 

combine quantum and classical computations are classical computers. The comprehensive 

algorithm through training QNN is so-called Variational Quantum-Classical Algorithm whose 

proposed architecture includes Quantum Convolutional Neural Networks (QCNN) [12] which is a 

work principle on this thesis. It should be noted that when a network architecture is randomly 

initialized or lacks any structure, it creates an obstacle to performance of scaling-based and 

gradient-free optimizations known as barren plateaus [104]. The development of QML techniques 

requires a working knowledge of both quantum computing and machine learning. Permeates our 

work, taking advantage of the characteristics offered by Quantum computing packages that use the 

elements of the highest quantum computing libraries in machine learning in order to create basic 

gates within simulators, measure results and take advantage of quality control tools, similar to 

commercial and research data analysis software, where this package is handled with the aim of 

discovering specific a quantum data source's specific properties like a complex simulation of a 

device or a quantum sensor by putting a proposed a convolutional neural network's quantum 

equivalent into practice due it already translationally invariant. The experiments the researcher 

conducted in the section Experiments were well-suited to the use of these libraries. 

At the beginning of 2020, Google announced a new computing platform called TensorFlow 

Quantum (TFQ) very similar to the original TensorFlow for quantum machine learning as well as 

made available to public under Python support and containing hybrid quantum-classical ML 

models for rapid prototyping [105]. Google has provided guidance on Design, testing, and 
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development mechanisms of learning models working alongside the symbolic mathematics 

“Sympy” library [106] and the quantum logic circuit design “Cirq” library [35].  

In 2018, the Google AI Quantum Team utilized a software stack that enables quantum computing 

to build and develop "Cirq" to work over TFQ as be design package that provides several 

capabilities but is a couple of years older. Our TFQ model includes encoding and convolutional 

circuits based on the amplitude of the quantum signal. In 2006, a completely functional 

Characteristics of Computer Algebra System (CAS) with many components including Calculus, 

Combinatorics, Physics, Geometry, and mathematics was utilized to build the “Sympy” library 

[106]. For deep learning computation models, “Sympy” is one of the two components (the 

TensorFlow graph and placeholders) that the TensorFlow library relies on for the purpose of using 

control parameters within the quantum model, where the parametric quantum variable 

placeholders are considered inside the model graph wherever quantum calculation provides 

intermediate values.  

As a portion of this thesis, the researcher utilized Python version 3.7 for experimentation, coding, 

and development. Simple packages are managed and TFQ environment is controlled by creating 

separate environments utilizing Anaconda with 'conda-forge' counterpart to install most packages. 

If a particular package cannot be installed via these two channels, the Package Installer for Python 

(PIP) Instead, when developing code, “Jupyter” Notebook and Visual Studio Code as the 

Integrated Development Environments were used. 

“Numpy” library was used in applying many post-analysis steps as well as pre-processing steps as 

it is used in vector/matrix operations and linear algebra, where it was used for the purpose of data 

pre-processing for predictive analytics as well as in learning methods along with “Matplotlib” 

library [107]. 

Extensive plotting capabilities are leveraged for visualization using a multilanguage library 

“Matplotlib.pyplot”, due to its close association with the “Numpy” library when used in most 

graphs in terms of practical use and internal development [108] and for including functions for 

graphs such as pie charts, density, histogram, line, scatter among others. Visualization has been 

used as the main means of communicating the thesis preparation methods and results by facilitating 

the understanding of many modifications. Using Microsoft Word, this thesis was written using the 
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collecting and arrangement of sources and references from the online Mendeley, and unique 

graphics from plots of data were created using the online Microsoft Visio program as well as 

Microsoft excel. 

4.2 BACKGROUND 

exploring quantum machine learning applications for QNNs demands the researcher adopted the 

supervised classification technique [33] in order to isolate the information containing the label 

using a form of compression using hierarchical models [109]. Before extracting information from 

the non-local subspace by performing some non-entangled quantum transformation, a quantum 

system subspace, or a non-local subsystem in quantum data case can be used to include the 

classical hidden parameter (classification case discrete label or real scalar in the case of 

regression). choosing an architecture for a neural network model utilizing Training data wherein 

learning is a common filter set that are applied uniformly across all data segments after linking 

translationally invariant neural networks parameters across space. Cluster states can be used as the 

initial states to quantum computation measurement-based as types of quantum data with 

translational symmetry [50]. A range of successfully and wrongly produced cluster states will be 

adopted to create our training data, each labeled as a type of supervised class detecting errors in 

their preparation. wherein the phases classification, the degree of entanglement is high near 

quantum critical points. Because basic cluster states are translationally invariant, quantum neural 

networks can be included as an extension of the convolutional neural networks' spatial parameter-

tying. The MERA (Multiscale Entanglement Renormalization Ansatz) network [65] is a highly 

entangled wavefunctions’ hierarchical representation, as it has been adopted by Cong, et al. [12] 

In constructing the Quantum Convolutional Neural Network (QCNN) structure as it is concerned 

with condensed matter physics and as in deep neural networks the wavefunction's entanglement 

getting renormalized (coarse-grained) is a wavefunction's compressed representation 

synchronously [110]. A Hybrid Quantum Convolutional Neural Network (HQCNN) would be 

produced by Including more processing including classical neural network postprocessing for 

extending the QCNN architecture. More precisely, on one tier of the QCNN hierarchy architecture, 

partly disentangling the input state to collect statistics on multi-local observables' values is used. 

after a single QCNN layer is applied, several families of feature maps or filters that feed to 
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traditional convolutional network layers or fully connected layers may be applied in a 

translationally invariant fashion. 

Target problems: 

i. information extracting, utilizing the noisy quantum circuits hybridization together 

classical NN. 

ii. Learning how retrieving classical information happens from a quantum system's 

correlations. 

Required TFQ functionalities: 

a. A classical gradient-based optimizer that is quick. 

b. Backpropagation based on quantum expectations.  

c. Batch quantum circuit simulator. 

d. Hybrid quantum-classical network models. 

4.3 IMPLEMENTING PROGRAMMING & FRAMEWORKS 

4.3.1 Assemble Circuits In A TensorFlow Graph To Build A QCNN 

Quantum data source's certain properties can be detected, like complex simulation from device or 

quantum sensor by applying the quantum analogue on classical convolutional NN as a simplified 

Quantum Convolutional Neural Network (QCNN) which is translationally invariant. The cluster 

state is the quantum data source which might or mightn't has excitation and the task is classifying 

these states by utilizing SPT phase classification. 

First of all, TensorFlow and TensorFlow-quantum will setup to account for version changes for 

Updating package resources through the following instructions over the command prompt as 

shown in Figure 4.1: 
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Figure 4.1: Setup TensorFlow and TensorFlow-quantum. 

Next, the importance TensorFlow as well as module dependencies are being called by the 

instructions shown in Figure 4.2. 

                                          

Figure 4.2: A piece of program code shows the commands used for importing the importance 

TensorFlow and the module dependencies. 

The preparation of quantum data is the first stage in the QML pipeline process. The aim is to 

identify a collection of properly and wrongly constructed cluster states on 8 qubits in this quantum 

dataset, a correctly prepared cluster state is generated by the program code shown in Figure 4.3: 

                                      

Figure 4.3: A piece of program code shows the commands used for preparing cluster state. 

The circuits can be assembled in a TensorFlow graph, that is Layer classes with in circuit 

construction are available in TensorFlow Quantum (TFQ), These layers may append or prepend 

circuits to input batch, like “tfq.layers.AddCircuitLayer” which originates through 

“tf.keras.Layer” as shown in Figure 4.4: 
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Figure 4.4: The prepending or appending layers to the circuits’ input batch. 

Although the following issue may be performed without "tfq.layers.AddCircuit" is a great way to 

see how TensorFlow compute graphs may be used to include sophisticated functionality. 

4.3.2 Problem Overview 

Although the cluster state (which is translationally invariant) is highly entangled, it is not 

insurmountable for a conventional computer, so it uses a quantum classifier to determine whether 

or not it is "excited" by preparing and training utilizing a deep MERA-like QCNN architecture to 

implement classification task aiming reduce entanglement reading out a single qubit. The 𝑅𝑥(𝜃) 

gates, which rotate qubit by a certain amount of 0 ≤ 𝜃 ≤ 2𝜋 around X-axis inside Bloch sphere 

[44], will be used to mimic errors in cluster state preparation. If the rotation is greater than a certain 

threshold, these excitations will be labeled 1; otherwise, they'll be labeled -1. The researcher may 

conceive of the properly prepared cluster state as the beginning state in the QML pipeline because 

the status of the appropriately constructed cluster remains the same, constantly followed add the 

Distinct error states which have different excitation circuits as shown in Figure 4.5: 
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Figure 4.5: A piece of program code shows Excitations will be labeled 1; otherwise, they'll be labeled -1 

through rotation a qubit around X-axis inside Bloch sphere [44]. 

It's worth noting that a standard “Keras” input work as excitation input. To accommodate for our 

circuit serialization techniques, the data type of the input is a string as shown in Figure 4.6. 

               

Figure 4.6: Prepare a cluster state. 

If the cluster state has gate "cirq.rx" assigned to any of its qubits,  then it is classified as "excited". 

4.3.3 Building Blocks For TensorFlow  

The researcher begins the building of our model after preparing our dataset. All of the 

models in the current chapter will use quantum pooling and quantum convolution. These 
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operations get visualization over four qubits wherein two qubits unitary 𝑈(𝜃 ) of stride of one is 

used to create quantum convolution layers as illustrate in Figure 4.7. 

                                                     

Figure 4.7: A visualization over four qubits of quantum pooling and quantum convolution [44]. 

Parameters of the unitaries are coupled, similar to traditional convolutional layers, such that every 

nearest-neighbor qubit’s pair undergoes the identical procedure. The quantum convolution and 

quantum pooling processes are defined in the code shown in Figure 4.8 to disentangle using a new 

2 qubits unitary 𝐺(𝜙⃗ ), enabling information to be projected down from two down to one qubit. 

                                     

Figure 4.8: A piece of program code shows definition of the quantum pooling and quantum convolution 

processes. 

As clear in program code, while a CNOT represented using “two_q_pool” with target qubits and 

general one-qubit unitaries on the control, a general parameterized two-qubit unitary constructed 

by “two_q_unitary”, allowing the target basis and the control to be a variational selected. 

Before continuing to trace the stages of the QML pipeline, which started with the preparation of 

quantum data then simulating Errors in cluster state preparation and then the pipeline's 

initialization stage and the excitation circuits' addition correlating to various levels of error 

followed by defining each of the parameters of the unitaries And Pooling, ending with 
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measurement and classical post-processing, hybridization’s degree of quantum network with the 

classical network must be determined. This degree of hybridization is summarized in the following 

three models: 

i. Purely quantum CNN. 

ii. Hybrid CNN: A shortened QCNN's outputs are fed into a classic densely connected 

neural network. 

iii. Hybrid CNN: A multiple shortened QCNN's outputs are fed into a classic densely 

connected neural network. 

The First Model: uses solely quantum processes to decorrelate the inputs. 

Firstly, the cluster state dataset is prepared over N qubits, next the number of qubits in the system 

is lowered from eight qubits to one qubit utilizing repeatedly the pooling layers and the quantum 

convolution, thus measuring the expectation of Pauli-Z is applied to this final output qubit to 

average the quantum model's output. As shown in the program code in Figure 4.9, the function of 

the "tfq.layers.PQC" object is to enact the Measurement and parameter control. 

                                     

Figure 4.9: A piece of program code shows enacting the Measurement and parameter control. 

The layers of quantum convolution and quantum pooling are applied sequentially using the 

"create_model_circuitis" function to be a Purely quantum CNN model output as shown in Figure 

4.10. 
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Figure 4.10: Implementing TensorFlow Quantum for Purely quantum CNN model. 

Implementing the following in TensorFlow Quantum is one technique to solve this issue: 

a. The model takes a circuit tensor as input, which may be either an X gate or an empty circuit 

on a specific qubit signifying excitation. 

b. The remaining quantum components of the model are built using "tfq.layers.AddCircuit" 

layers. 

c. An excited state is denoted by the number 1 and a non- excited state by the number -1 by 

reading 〈𝑍̂〉 wherein "tfq.layers.PQC" layer is utilize from inference.  

4.3.4 Data 

The data will be created before you start developing the model. Excitations to the cluster 

state will be the case in this scenario. The "cirq.rx" gate represents excitation, where it is required 

to consider the rotation an excitation as being large enough and give a sign of 1, otherwise it is 

considered not excitation and the sign is given -1. 
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The result looks like classical machine learning wherein to benchmark the model is training, and 

testing set as shown in Figure 4.11. 

                                   

Figure 4.11: The Data model benchmark is a training, and testing set. 

4.3.5 Define Layers 

The layers can be defined in TensorFlow. 

4.3.5.1 Cluster State 

Quantum circuits programming utilizes the framework provided by Google to use “Cirq” for 

defining the cluster state depending on "tfq.layers.AddCircuit" functionality which embeds the 

cluster state into  the model. "cirq.GridQubits" Displays a cluster state circuit for a rectangle as 

shown in Figure 4.12. 

                               

Figure 4.12: A cluster state circuit for a rectangle. 

4.3.5.2 QCNN Layers 

To construct the model, the author refers to the Cong and Lukin et al. paper [12], in which the 

layers are defined; to define a one-qubit and two-qubit parameterized unitary matrix, respectively 

(Figure 4.13 and Figure 4.14); and to implement a pooling operation for a general parameterized 

two-qubit (Figure 4.15). 
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Figure 4.13: The one-qubit unitary circuit. 

 

 

Figure 4.14: The two-qubit unitary circuit. 

 

Figure 4.15: The two-qubit pooling circuit. 

4.3.5.3 Quantum Convolution 

Figure 4.16 illustrates that is by one stride, every pair of adjacent qubits will get  two-qubit 

parameterized unitary applying like defining the 1D quantum convolution in paper of Cong and 

Lukin et al. [111]. 

 

Figure 4.16: The (very horizontal) circuit. 

4.3.5.4 Quantum Pooling 

Before a pooling component circuit has Examine, the two-qubit pool defined in Figure 4.17 will 

be utilized pooling from N qubits to N/2 qubits of a quantum pooling layer. 

 

Figure 4.17: Pooling component circuit Examination. 
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4.3.6 Model Definition 

Starting with eight qubits a purely quantum CNN going to be constructed using the defined layers 

aims to measure 〈𝑍̂〉 after it pool down to one as shown in Figure 4.18. 

                                                 

Figure 4.18: The “keras” plot of the model. 

4.3.7 Train The Model 

Training and validation can be accomplished through the model constructed utilizing standard 

“Keras” tools as illustrated through program code in Figure 4.19. During training, there is taking 

the mean squared error between label and model output over each batch from the dataset as a cost 

function, wherein model output is compared to label for each quantum data point. 

                                         

Figure 4.19: A piece of program code shows accomplishing the Training and validation. 

InputLayer Input: [(None,)] 

Output: [(None,)] 

 

AddCircuit Input: None 

Output: (None,) 

 

PQC Input: None 

Output: (None,1) 
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Building the excitation circuits requires implementation of all the labels associated with the 

excitation circuits concomitantly side by side on the initial cluster state-input utilizing the 

"generate_data" function. 

Figure 4.20 displays loss plots for validation datasets as well as training in a purely quantum CNN. 

       

Figure 4.20: Loss in a purely quantum CNN. 

4.4 HYBRID MODELS 

The second model: Is the Hybrid quantum-classical hybrid models HCNN classifier with a single 

quantum filter (Twist), which will consider being clarified to be: The QCNN may be shortened 

and the leftover qubits used to measure a vector of operators in place of the quantum layers used 

to achieve the 1-qubit threshold. As a consequence, the vector of expected values will be input into 

a traditional densely connected neural network as shown schematically in Figure 4.22. One or two 

rounds of quantum convolution could have done then fed classical neural network by results 

instead of going from eight down to one qubit via single quantum convolution. 

4.4.1 Hybrid Model With A Single Quantum Filter 

This model may be implemented in TFQ by adding a few simple revisions model and using the 

program code indicated in Figure 4.21. 

1 2 3 4 5 6 7 8 9 10

Loss 0,8927 0,7927 0,7396 0,7082 0,7023 0,6827 0,6733 0,6608 0,6471 0,6068

custom_accuracy 0,6964 0,7232 0,7232 0,7500 0,8036 0,7857 0,8304 0,8214 0,8304 0,8929

val_Loss=Training 0,8515 0,7408 0,7500 0,7328 0,7018 0,6995 0,6856 0,6796 0,6714 0,6261

val_custom_accuracy 0,6458 0,7292 0,7083 0,7917 0,7500 0,7708 0,8333 0,8125 0,8333 0,8958

0,6
0,625

0,65
0,675

0,7
0,725

0,75
0,775

0,8
0,825

0,85
0,875

0,9

Lo
ss

Epochs

Detecting Cluster States Excitation Utilizing Quantum CNN 
Training
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Figure 4.21: A piece of program code shows adding a few simple revisions model by building Classical 

neural network layers. 

"multi_readout_model_circuit" function reduces the system size from eight to four qubits by using 

just one pooling and convolution cycle in the algorithm. Reading out 〈𝑍𝑛̂〉 across the board for the 

lone layer of quantum convolution that had been performed, subsequently feeding a densely 

connected classical neural network. 

 

Figure 4.22: Loss measurement for Hybrid model with a single quantum filter. 
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4.4.1.1 Model Definition 

Instead of getting down to 1 qubit to shorten the QCNN, 

quantum layers may be used to pool information followed by 

measuring a operators’ vector on remaining qubits, as explained 

in Hybrid quantum-classical hybrid models HCNN classifier 

using a single quantum filter (Twist). As a consequence, the 

expectation values' result vector will be supplied to a traditional 

densely connected neural net, as depicted schematically in  

 

 

 

 

 

4.4.1.2 Train The Model 

The same “Keras” tools may be used to train hybrid model as a purely quantum model, to get 

Accuracy plots shown in Figure 4.24. 

InputLayer Input: [(None,)] 

Output: [(None,)] 

 

AddCircuit Input: None 

Output: (None,) 

 

PQC Input: None 

Output: (None,4) 

 

Dense Input: (None,4) 

Output: (None,8) 

 

Dense Input: (None,8) 

Output: (None,1) 

 

 

Figure 4.23: Define Hybrid 

model with a single quantum 

Twist. 
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Figure 4.24: Validation Accuracy measurement between purely Quantum vs Hybrid CNN performance. 

Note that the purely quantum version converges sluggishly comparing with the hybrid model 

because of very modest classical assistance. 

4.4.2 Hybrid Convolution With Multiple Quantum Filters 

The third model: Utilizes a single conventional neural network In order to combine the results of 

three separate quantum filters as shown in Figure 

4.26. The program code implemented in : Achieves 

this multi-filter architecture.  

 

 

This model, which utilizes a mix of a single classical 

neural network and many quantum convolutions with 

multi-Twists, is the subject of the emphasis of the 

topic of this thesis's discussion (filters). 

1 2 3 4 5 6 7 8 9 10

val_custom_accuracy of PQC 0,6458 0,7292 0,7083 0,7917 0,7500 0,7708 0,8333 0,8125 0,8333 0,8958
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Figure 4.25: A piece of program code shows 

achievement this multi-filter architecture. 
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Figure 4.26: An architecture containing numerous quantum convolutions and conventional neural 

networks, with "Twists" (filters). 
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4.4.2.1 Model Definition 

Utilizes a single conventional neural network In order to combine the results of three separate 

quantum filters as shown in Figure 4.27. 

 

Figure 4.27: The model architecture applies three filters then measure expectation values. 

 

 

 

 

 

 

Input_3 InputLayer 
Input: [(None,)] 

Output: [(None,)] 

 

Add_circuit_5 AddCircuit Input: None 

Output: (None,) 

 

pqc_2  PQC Input: None 

Output: (None,4) 

 

 

pqc_3 PQC Input: None 

Output: (None,4) 

 

pqc_4 PQC Input: None 

Output: (None,4) 

 

concatenate concatenate 
Input: [(None,4), (None,4), (None,4)] 

Output: (None,12) 

 

densee_2 Dense Input: (None,12) 

Output: (None,8) 

 

densee_3 Dense Input: (None,8) 

Output: (None,1) 
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4.4.2.2 Train The Model 

The accuracy graphs in Figure 4.28 may be obtained by training the hybrid model using the same 

"Keras" tools as the purely quantum model. The benefits of experimenting with hybrid quantum-

classical architectures for classifying quantum data are illustrated in Figure 4.28, which shows that 

as accuracy increases, losses in training the model decrease. This is true even when using the same 

optimization settings as the purely quantum mode. 

       

Figure 4.28: Comparison of the Single-Twist and Multi-Twist Validation Accuracy of Purely Quantum 

and Hybrid CNNs. 
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5. RESULTS AND DISCUSSION 

TensorFlow develops software tools for hybrid quantum-classical models, boosting quantum 

machine learning (QML) by spreading computations across CPUs, GPUs, and TPUs [112] to 

incorporate QPUs, automating typical model-building tasks. Before executing quantum 

components of these models on actual quantum processors, Cirq-TensorFlow with its TensorFlow 

Quantum TFQ integration is used when dealing with hybrid quantum-classical models in the 

design, training, and testing stages. The TFQ’s principle is based on representing computations as 

graphs in the form of a pipeline, as illustrated in Figure 5.1, by splitting the model (whether 

quantum or classical) into layers, the direction of data flow, the flow of computations, and the 

transmission of instructions according to needs and intermediate outcomes may be manipulated. 

It's done with the assistance of the tools in TF and Keras, which TFQ has harnessed. Tensors can 

be used with dataflow graphs by TFQ for the operations (ops) and directed edges of nodes, so it is 

simple to obtain these graphs' gradients to update the parameters and then distribute these 

independent graphs nodes to independent devices, including TPUs and GPUs and run them 

concurrently. It gives a detailed overview of TFQ, focusing on gradient-based methods as 

important properties, to give a basic level understanding of the framework mechanism, wherein 

the construction of quantum computing and Quantum circuits work as tensors that ops simulate or 

execute on a quantum device to convert into classical information. These tensors will be formed 

after constructing certain circuits using convert "Cirq" objects to TensorFlow string tensors 

utilizing "tfq.convert_to_ tensor" function. SymPy symbols may be used to parameterize the 

"cirq.Circuit" objects. State sampling, calculation, expectation value, or simulation are used to 

transform these tensors into classical information. To solve any issue with QML, all that is 

necessary is tensor circuits representation and Paulis, as well as operators execution. For in-graph 

circuit construction, TFQ gives extra ops when dealing with problems during training or inference, 

just a small component is changed where circuit bulk is static, this has been proven to be useful 

for ease in handling with TFQ, for instance, one of the functionalities is provided using 

“tfq.tfq_append_circuitop”. TFQ's tools can communicate with both actual quantum hardware and 

core TensorFlow through Cirq. Importantly, TFQ's APIs let users create a single 

TensorFlowQuantum application that can then be run locally on a desktop in a PetaFLOP highly 

parallel and distributed environment. The TFQ's Pipeline, depicted in Figure 5.1, For quantum 
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data, TFQ's end-to-end pipeline of a hybrid quantum-classical discriminative model's training and 

inference gives a high-level abstract overview of the computational phases required. 

                       

Figure 5.1: Quantum data Flowchart with a hybrid quantum-classical discriminative model's training and 

inference using TFQ's pipeline [44]. 

i. Preparing Quantum Dataset: 

This might, in general, originate from a black-box source. Due to the fact that contemporary 

quantum computers are unable to ingest quantum data based on outside sources, quantum circuits 

should describe that create data. Unparameterized "cirq.Circuit" objects are used to create quantum 

datasets, where "tfq.convert_to_tensor" is used to inject data into the graph. 

ii. Quantum Model Evaluation: 

Depending on the knowledge of the structure of quantum data, parameterized quantum models 

may be chosen from a variety of categories. The model's goal is getting quantum computation to 

extract data from a hidden quantum subsystem or subspace. This data has hidden label parameters 

in discriminative learning. The quantum model disentangles a data input extracting quantum non-

local subsystem, post-processing quantum models are created (because of leaving concealed 

information in classical correlations available to local measurements) using one of "cirq.Circuit" 

objects that are coupled to quantum data sources with "tfq.AddCircuitlayer" objects which are 

"SymPy" symbols. 
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iii. Average or Sample: 

Quantum state measurements retrieve classical information from classical random variables in 

samples form. The quantum state and the observed observable both influence the distribution of 

the values from this random variable.  

iv. Classical Model Evaluation: 

After retrieving classical data in the form may be used for more classical post-processing. Deep 

neural networks utilize for distilling Classical correlations because the recovered data might still 

be kept through these correlations among expectations measured. Quantum models directly can be 

applied to "tf.keras.layers.Layer" objects like "tf.keras.layers.Dense" in the same way completely 

compatible with core TensorFlow. 

v. Evaluate Cost Function: 

A cost function is constructed based on the outcomes of classical post-processing. If there was a 

label on the quantum data, this may be based on classification accuracy or other criteria. all losses 

in "tf.keras.losses" module can be accessed by tracking TFQ’s Pipeline the model produced in 

previous phases within "atf.keras.Model". 

vi. Evaluate Gradients & Update Parameters:  

Following the evaluation of cost function, parameters in TFQ's pipeline are modified with way 

that reduces the cost. Gradient descent is the most popular method for doing this. The 

"tfq.differentiators" differentiator interface provides quantum operations’ derivatives to 

TensorFlow backpropagation engine to allow gradient descent. By using hybrid quantum-classical 

backpropagation, quantum data may be used to modify parameters of both classical and quantum 

models.  

The researcher made several attempts to train the models during different Epochs, wherein based 

on the supervised learning method to learn a quantum model for processing quantum data in three 

approaches: a purely quantum model, a hybrid quantum model with a single filter (Twist) and a 

hybrid quantum model with a multi-filter (multi-Twist). The researcher has noticed that the hybrid 

model gives an accurate result of 100% accuracy during the Epochs period of no more than 7 
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Epochs in the case of training a multi-filter model (multi-Twist) and the hybrid model is not 

decorated with more than 3 Epochs during the case of training a single-twist model compared to 

its purely quantum model, which gives an accuracy result of no more than 89.58%. Since the 

amount of loss in the model training is inversely proportional to the amount of accuracy of the 

model training results. And thus, the actual benefit has been achieved from merging the classical 

model with the quantum model in the hybrid quantum-classical discriminative model for quantum 

data using an algorithm that reduces the amount of loss in training the model by reducing 

entanglement in quantum data and provides accuracy and speed in training this model accessing 

to results during (epochs) is reasonable. 
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6. CONCLUSION AND RECOMMENDATIONS 

The rapid advancement of quantum devices in recent years has promoted quantum applications’ 

development. In October 2017 and aiming to accelerate the quantum simulation algorithms' 

development for materials research and chemistry, OpenFermion was the first software library 

published by Google AI Quantum. TensorFlow Quantum, on the other hand, has been designed to 

speed up quantum machine learning algorithms’ development for variety of applications. The 

researcher has implemented the preprocessing on QML models by performing capacity coding 

during the application and testing of the state preparation method on the TensorFlow Quantum 

framework in order to reach trained models with several steps which make it more powerful by 

analyzing the methods used in training the quantum models to facilitate understanding of preparing 

quantum model processing methods in the future, Future Work in this field will need the 

development of multiclass classification algorithms that would be sufficiently developed to be 

used to works such as this one. 

The researcher anticipates that the framework will continue to evolve in response to the 

requirements of the research community and the availability of additional quantum technology, 

since quantum machine learning is a relatively new and intriguing field of study. The researcher 

takes a look around the software's theory. Quantum neural networks are defined simply the 

combinations of unitary matrices with parameters. Loss function is expressed like the inner 

product, which defines samples and expected values. Gradients may be defined once expectation 

values and quantum neural networks have been determined. Finally, one of the main components 

of TFQ, hybrid quantum-classical backpropagation, which is formalized by combining quantum 

and classical neural networks. The researcher has covered TensorFlow, a flexible data flow-based 

programming approach, as well as single-machine and distributed TensorFlow implementations. 

The approach is based on Google's real-world experience conducting research and delivering over 

one hundred machine learning initiatives across a broad spectrum of goods and services. The 

researcher made several attempts to train the models at various Epochs and he observed that the 

hybrid model achieves 100% accuracy during an Epoch period of no more than seven in the case 

of training a multi-filter model (multi-Twist) and no more than three in the case of training a single-

twist model, in comparison to its purely quantum model, which achieved an accuracy of no more 

than 89.58%. As a result, the researcher proposes to stop training the model after it achieves 100 
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percent accuracy in order to save time of the training algorithm's implementing; thus, the true 

benefit of combining the classical and quantum models in a hybrid model has been realized through 

the use of an algorithm that provides accuracy and speed in training this model, as well as 

reasonable access to results during (epochs). The goal is that comparable outcomes or patterns 

emerge for the learning outcomes. The researcher may state categorically that the approaches used 

here are not guaranteed to perform identically, but with foresight, considerable similarities are 

expected. 
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